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Abstract
The scientific community has long been intrigued by the potential use of human waste
odour in medical diagnosis and disease monitoring. Human waste odour analysis offers a fast
and non-invasive way of testing and has the potential as an early disease diagnostic method.
Cancer (particularly pancreatic and colorectal cancer), which has been known to be one of the
deadly diseases of all time due to the late prognosis, may benefit from odour analysis as the
current diagnostic method using highly invasive procedures such as colonoscopy. Other
diseases, such as inflammatory bowel disease (IBD), which also employed colonoscopy in its
diagnostic procedure, could also benefit from the application of human waste-based
investigation.
In this work, data analysis pipelines employing five machine learning algorithms were
developed for analytical instrument electronic nose (E-nose), field asymmetric ion mobility
spectrometry (FAIMS), gas chromatography ion mobility spectrometry (GC-IMS), and gas
chromatography time of flight mass spectrometry (GC-TOF-MS). These methods were used
in 8 studies to investigate the potential of non-invasive diagnosis and monitoring of pancreatic
cancer (PDAC), colorectal cancer (CRC), and IBD through urine, breath, and faecal odour
analysis.
The PDAC studies included 285 subjects: 126 with PDAC, 45 with Chronic Pancreatitis
(CP), and 114 controls, and utilised FAIMS, GC-IMS, and GC-TOF-MS to distinguish
between groups based on the urinary VOC. All of the technologies were consistently able to
distinguish between CRC and healthy control with an area under the curve (AUC) greater than
86%). FAIMS was also able to differentiate between early-stage PDAC from healthy and from
late-stage PDAC (AUC 89% and 92%, respectively). However, urinary VOC analysis couldn’t
differentiate PDAC from CP (AUC 0.58). Further studies investigating urinary and faecal
VOC of patient for detecting CRC using FAIMS and GC-IMS included 728 subjects which
consisted of 26 patients with CRC, 340 with adenoma, 32 polypectomy patients, 296 healthy
control and 33 with other gastrointestinal diseases. Both FAIMS and GC-IMS methods were
able to separate between CRC and healthy control with AUC above 82%. Patients with
adenoma could only be separated from healthy control in faecal odour analysis. Interestingly,
odour analysis showed that the faecal VOC profile of patients whom underwent polypectomy
returned to its physiological state after three months of polypectomy. This demonstrated the
potential of faecal VOC analysis for disease monitoring, especially in adenoma and CRC.
Final studies investigated the urinary, breath, and faecal VOC of patients with IBD. Six
hundred forty-one subjects in total were recruited: 350 IBD, 276 healthy control, and 15
irritable bowel syndromes (IBS)/Functional Abdominal Pain-Not Otherwise Specified (FAP-

xviii

NOS). All three types of human waste were consistently able to detect IBD, both Crohn’s
Disease (CD) and Ulcerative Colitis (UC), from healthy control. Faecal odour analysis was
also able to separate between IBD patients with IBS/FAP-NOS, which share many common
symptoms.
In this work, the potential of utilising urine, breath, and faecal odour-based methods
was successfully demonstrated for the non-invasive diagnosis of PDAC, CRC and IBD. The
potential use of odour analysis in healthy monitoring was also shown in PDAC patients and
patients undertaking polypectomy. Further work in this area will need to focus on sampling
and storing samples as well as machine learning approach in order to speed up the advances
in the application of modern E-nose technology in a clinical setting. Furthermore, a large-scale
multi-centre study involving patients with similar symptoms will push further the knowledge
of human waste odour for diagnosis.
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INTRODUCTION
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Introduction
Until the development of modern analytical methods, doctors mainly depended on their
senses to diagnose and treat patients [1]. Doctors often touched, tasted, or smelled their
patients’ excrement to diagnose their illnesses [2]. This practice has been applied since 400
BC by the famous Greek physician, Hippocrates, who is known as the “Father of Medicine”
[3]. He would set human sputum over hot coal to produce a unique smell in order to identify
Tuberculosis (TB) in patients [4]. Smell has also been used by doctors to diagnose other
illnesses. For example, by smelling the faecal Volatile Organic Compounds (VOC), Poulton
et al. found that it is possible to identify rotavirus gastroenteritis before culture results were
available [5]. It is not just humans who smell and detect different illnesses; animals such as
dogs, rats, and even bees are known to sniff out and identify various diseases such as cancer,
TB, and diabetes [6,7,8].
The detection of VOC from patients’ waste allows for the identification of disease in a
quick and non-invasive manner. However, employing a human or animal nose to perform
disease diagnosis has several drawbacks. When dealing with infectious diseases, the use of
humans or animal noses may not be possible due to the increased risk of transmission into the
environment or among humans [9]. Furthermore, trained animals like canines are unable to
perform for extended periods of time due to body and olfactory fatigue, which is the inability
to identify specific smells after being exposed to the same smell for too long. These pros and
cons of smell detection for disease diagnosis have inspired many researchers to investigate
more into analytical tools as an alternative method to using human and animal olfactory
systems.

Gas Chromatography-Mass Spectrometry (GC-MS) is frequently referred to as the
“gold standard” of VOC analysis due to its excellent sensitivity, accuracy, and repeatability.
However, this method has several constraints, including the high price tag, complexity, and
long duration of analysis, which may restrict its popular use as a disease diagnostic tool [10].
Electronic nose (E-nose) instruments are a bioinspired analytical tool potentially offering a
faster, smaller, more portable, and cheaper alternative. This instrument imitates mammalian
olfactory systems by using several gas sensors to function as olfactory receptors and pattern
recognition serving as the brain. The data produced by an E-nose’s multiple non-specific gas
sensor array, combined with pattern recognition, enable it to differentiate patients with specific
diseases from healthy control. However, E-nose cannot provide the chemical information from
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the VOCs detected, often suffer from sensor drift, and have poor selectivity due to the nature
of the non-specific gas sensor array [11].

With the advances of technology, one of the analytical tools gaining traction for
analysing VOCs and having high potential as an early diagnostic tool is Ion Mobility
Spectrometry (IMS). Analytical tools based on IMS have better sensitivity, specificity, and do
not experience as much sensor drift when compared to traditional E-noses. IMS also offers
the possibility of chemical identification, which can help the understanding of the correlation
between human waste VOCs and targeted disease. The use of IMS in medical diagnosis can
be treated as an E-nose by combining the instrument with a pattern recognition/ machine
learning algorithm. However, the IMS is generally more expensive than traditional E-nose and
produces a high dimensional megavariate dataset that becomes challenging to process [12].

Cancer has significantly impacted human health over the course of human history.
According to the most recent data, an estimated 19 million individuals in the world were
diagnosed with cancer in 2020, and another 10 million people died of the disease in the same
year [13]. Late diagnosis and limited access to appropriate treatments are probably the main
factors for this high cancer death rate [14]. Thus, diagnosing cancer at an early stage, with
high accuracy, is vital to improve the effectiveness of cancer therapy. A variety of cancer
diagnostic techniques are now available, including biopsy and cancer imaging as well as mass
spectrometry-based proteomics and fluorescence spectrometry-based tests. However, these
techniques involve costly equipment and complex procedures, discouraging most people from
seeking regular medical tests for early cancer signs, allowing it to develop to an irreversible
stage later. Thus, the development of simple and affordable cancer diagnostic technologies
based on human waste VOC analysis would have high clinical value in fighting cancer.

Furthermore, one of the diseases that often lead to cancer is inflammatory bowel disease
(IBD) [15]. IBD patients have an up to 18% increased risk of getting colorectal cancer 30
years after their IBD diagnosis [16]. In addition, Over 6.8 million people worldwide, with 2
million Europeans, have inflammatory bowel disease (IBD) [17]. The two forms of IBD,
Crohn’s disease (CD) and ulcerative colitis (UC), are both characterised by inflammation of
the gut. To diagnose IBD, colonoscopy with histology is regarded to be the “gold standard”
[18]. Many people experience dread while facing this invasive procedure. Therefore, the
development of VOC analysis techniques for IBD detection would help patients to get
diagnosed without going through such an uncomfortable and embarrassing process. Thus, the
studies reported in this thesis were primarily concerned with investigating cancer (particularly
pancreatic and colorectal cancer) and IBD using human waste VOC analysis.
3

Research Aims
As previously stated, the use of VOC analysis of human waste for disease detection is
gaining popularity in the scientific community and has received attention because of its
potential for future medical applications. Despite this, the advances of VOC analytical tools
create challenging problems in analysing the increasingly complex and high dimensional
dataset. Hence, the aims of this research were to utilise modern E-nose instruments for disease
diagnosis and monitoring applications by analysing human waste’s VOCs from different
diseases and analyse the data generated by them. To do that, this thesis reported the
investigation of the possible use of human waste’s VOC for disease diagnosis by combining
electronic nose technology with chemical identification. The type of human waste investigated
in this thesis are urine, stool, and breath. Additionally, the studies in this thesis concentrated
on applications of cancer and IBD detection (sample media defined by availability).

To make it clear, below is the list of aims in cancer and IBD studies related to this thesis

1. To investigate the potential use of urinary VOC analysis to detect pancreatic cancer.
2. To look at possible biomarkers that may be associated with pancreatic cancer.
3. To investigate the potential use of urinary and faecal VOC analysis to detect colorectal
cancer.
4. To investigate the use of faecal VOC analysis for secondary non-invasive follow up after
polypectomy in patients with adenoma.
5. To investigate the potential use of urine, stool, and breath VOC analysis in IBD detection.
6. To look at possible breath biomarkers that may be associated with IBD.
7. To investigate the potential use of faecal VOC in monitoring the IBD activity in patients.

Thesis Outline
This thesis starts with a comprehensive literature review followed by the description of
sensing instrumentation and data analysis pipeline utilised in the studies relating to this thesis.
Following that, two major body chapters focus on discussing the application of the developed
method for cancer and inflammatory bowel disease (IBD) detection. The outline of this thesis
is provided below.
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Chapter 2: Literature Review
Chapter 2 provides a literature review, which first describes the fundamental of the
olfactory system. The Origin of human waste biomarkers, including exhaled breath, urine, and
faecal, are summarised. Then, previous research on human waste odour for disease detection
is also summarised. Finally, the current data analysis approaches, including feature extraction
methods, multivariate analysis, and the use of machine learning in artificial olfaction, are then
reviewed.

Chapter 3: Sensing Instrumentation
Chapter 3 present an overview of the analytical instrumentations utilised in this thesis.
They are E-nose, FAIMS, GC-IMS, and GC-TOF-MS. Additionally, each instrument’s
working principle, medical use, and commercial product are explained. Finally, the
advantages and disadvantages of each analytical instrument are reviewed.

Chapter 4: Data Analysis
Chapter 4 covers the newly developed data analysis pipeline for studies in chapters 5
and 6. This chapter begins with an explanation of the structure and dimension of each raw data
produced by each instrument. Then, for each step in the data analysis pipeline, a thorough
explanation is provided. Lastly, the data analysis pipeline for each instrument is summarised.

Chapter 5: Application on Cancer Detection
Chapter 5 describes new clinical studies examining the possibility of urine and faecal
Volatile Organic Compounds (VOCs) as a non-invasive biomarker for the detection of
Pancreatic Ductal Adenocarcinoma (PDAC) and Colorectal cancer (CRC). The instruments
from Chapter 3 and the data analysis method from chapter 4 are applied in these four studies.
The first and second studies focus on analysing the urinary VOC for PDAC detection using
FAIMS (study 1), GC-IMS (study 2), and GC-TOF-MS (study 2). The third and fourth studies
focus on detecting CRC by analysing urinary VOC using FAIMS and GC-IMS (study 3) and
by analysing faecal VOC using GC-IMS (study 4). Additionally, the use of faecal VOC
analysis for secondary non-invasive follow-up following polypectomy is also assessed.
Finally, the result and comparisons of these studies are addressed, focusing on the various
tools and biological types utilised.
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Chapter 6: Application on Inflammatory Bowel Disease Detection
Chapter 6 discuss new clinical studies investigating how non-invasive VOC analysis
from faecal, urine, and breath samples may be used to identify Inflammatory Bowel Disease
(IBD). There are four studies that make use of the instruments described in Chapter 3 as well
as the data analysis technique described in Chapter 4. The first study showed how FAIMS was
used to investigate the faecal VOC to differentiate IBD from irritable bowel syndrome (IBS)
in paediatrics. The second study describes the possibility of exhaled breath sample testing to
diagnose IBD using E-nose and GC-IMS. The third study compares the performance of urine
and faecal VOC analysis using GC-IMS to detect IBD. The last study discusses the possibility
of faecal VOC analysis to be used to monitor IBD activity in patients. Finally, the results from
all of these studies are compared and discussed, focusing on the various tools and biological
types utilised.

Chapter 7: Conclusion and Further Work
Chapter 7 summarises the thesis covering the data analysis pipeline in Chapter 4 and
the findings of the studies provided in Chapters 5 and 6, with particular emphasis on their
originality and importance in the context of the broader research area. Afterwards, new study
opportunities and suggestions for future work are discussed.
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2.1. Introduction
This chapter provides an overview of the fundamental of artificial olfaction as well as
a summary of previous odour analyses for disease detection. The fundamental of artificial
olfaction covers the mechanism of the human olfactory system, the origin of breath, urine, and
stool VOC. Then, the unique aroma generated from human waste, which is associated with
certain diseases or disorders, are summarised. Lastly, the summary of pre-processing
techniques, multivariate analysis, and machine learning are presented under the current VOC
data analysis approaches section.

2.2. The Fundamental of Olfactory Systems
Since the basic concept of the method used in this thesis is heavily inspired by the
mammalian/human olfactory system, it is important to first review on the fundamental of how
olfactory systems works. The peripheral olfactory system was first described in detail by
Santiago Cajal in 1890, which consist of the nostrils, ethmoid bone (cribriform plate), nasal
cavity, and the olfactory epithelium, as illustrated in Figure 2.1 [1]. The olfactory epithelium
is a thin layer of tissue which is covered by mucus that is located at the top of the nasal cavity.
The main components of the olfactory epithelium are mucous membrane, olfactory glands
(bowman’s glands), and olfactory neurons. The mucous membrane is responsible for mucus
storage while olfactory glands produce mucus and release metabolic enzymes present in
mucus [2].

There are two ways for odour molecules to get into the nasal cavity: via nostril during
inhalation or throat during chewing or swallowing food. Once these odour molecules enter the
nasal cavity, odour are dissolved into mucus layer and detected by olfactory sensory neurons,
which then send the signal into the brain in a process called sensory transduction [3]. Olfactory
neurons are bipolar neurons which each neuron has one axon and one dendrite. The dendrites
of these neurons have cilia (tiny hairs) that contain olfactory receptors. When odour molecules
interact with these receptors, neuron fires an electrical signal that travels to olfactory bulb at
the back of nasal cavity to be processed [4].

10

Figure 2.1. An illustration of Human Olfactory System

Until the beginning of the 1990s, researchers were not understood how humans had the
capability of recognising and remembering thousands of different odours. However, in 1991
Linda Buck and Richard Axel published a paper titled “A novel multigene family may encode
odorant receptors: a molecular basis for odour recognition” that answered this question [5].
They discovered that around 3% of our genes are responsible for the fine-tuning of olfactory
receptor types. According to them, olfactory neurons have many types depending on their
olfactory receptor. Each olfactory neuron has a specific odorant receptor protein in its cilia
that is able to detect a limited number of odorant substances making it highly specialised for
a few odours. When some odour molecules interact with the receptor protein, olfactory
neurons exhibit an electric signal with various intensities depending on the type of odorant
molecule. Olfactory neurons which have the same type of olfactory receptors combine and
cluster their axons into the glomerulus inside the olfactory bulb. Inside the glomerulus, the
electric signals from multiple olfactory neuron axons interact with mitral and tufted cell. These
cells then activate and pass the signal to the brain through olfactory tract. Both of these types
of cells help our brain later to determine how strong an odour is depending on the time-specific
neuron clusters activated (referred to as the ‘timing code’). Odours are comprised of a large
number of different chemical odorant molecules, each of which stimulates numerous odorant
receptors in the epithelium. All of these processes allow the olfactory system to create a
combinatorial code of the odorant response, often called “odorant pattern”. Because of this,
we are capable of recognising and remembering thousand distinct odours. These contributions
had brought Linda Buck and Richard Axel to win Nobel Prize in Physiology or Medicine in
2004 [6]. This understanding of biological olfactory system has inspired the development of
the advanced electronic nose.
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2.3. The Origin of Human Waste Biomarker
It is believed that body odours are caused by a mixture of thousands of odorous volatile
organic compounds (VOCs) that are produced from different cells inside the body via
metabolic pathways. Breath, urine, and stool are the main sources of VOCs. Knowing the
biological origin and function of VOCs is important when it comes to something as vital as
medical diagnosis. Here, the origin of biomarkers in breath, urine, and stool are explained.

2.3.1. Exhaled Breath
Respiratory gas exchange occurs when oxygen (O2 ) enriches the blood while excess
carbon dioxide (CO2 ) is eliminated from the body through the lungs. This activity takes place
in the lung’s alveoli, and it is controlled by molecules’ partial pressure and concentration
gradients [7]. The diffusion of O2 and CO2 between alveolar gas and mixed venous blood
enables the transfer of thousands of VOCs from blood to breath and vice versa. Because of
this, the fingerprint of metabolic activity that is taking place endogenously must be present in
the exhaled breath as the composition of exhaled breath is mostly a reflection of the volatile
content of bloodstream. This gas exchange process is the fundamental concept behind
biomarker presence in exhaled breath. This has been verified by comparing the amounts of
certain VOCs in exhaled breath with the concentration of the same chemicals in the blood [8].

Exhaled breath biomarker research is primarily concerned with the identification and
monitoring of gas-phase compounds. Nitrogen, oxygen, carbon dioxide, hydrogen [9], inert
gases[10], and water vapour make up the majority of human exhaled breath. In addition,
inorganic VOCs such as nitric oxide [11], nitrous oxide [11], ammonia [12], carbon monoxide
[10], hydrogen sulphide [13], etc., and organic VOC such as acetone[14], ethanol, isoprene
[15], etc., also presented in the exhaled breath. The latest study has reported a total of 1448
VOCs found in exhaled breath [16]. VOCs are produced as by-products of normal metabolic
activity that happen inside the human body. However, illnesses may cause organs or
surrounding tissue to produce VOCs in a different manner. In turn, this leads to the production
of novel VOCs that the body does not naturally generate during regular physiological
processes, as well as the variation of VOC concentrations that are greater or lower than normal
levels [17]. In addition, many of the VOC in exhaled breath may have exogenous origins [18],
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be generated by medicine [19], be released by bacteria in the airways [20], the oral cavity [21],
or originated from the gut [22].

2.3.2. Urine
As previously explained in section 2.3.1., diseases can cause organs or surrounding
tissue to generate slightly different metabolites waste that can be used as VOC biomarkers for
disease diagnostic and monitoring. VOCs released by tissues are circulated around the body
together with blood to be able to remove them from the body. One of the end results of
metabolic pathways is urine. The production of urine happens in kidneys, in which blood
experiences three stages of the process, namely filtration, reabsorption, and secretion, as
shown in Figure 2.2 [23]. These stages assure that the body is cleansed of just waste, toxins,
and excess water.

Figure 2.2. An Illustration of Urine Production in Nephron Inside Kidney [24].

The first stage is filtration. The filtering units inside the kidneys are known as nephrons
which are made up of two parts: glomerulus and renal tubule. In each kidney of a healthy
adult, there are 1-1.5 million nephrons [23]. Filtration happens when blood passes through
glomerulus, which is a tiny capillary blood vessel. Due to the pressure of the blood, water and
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small solutes are pushed through the filtration membrane, leaving only blood cells and large
proteins in the bloodstream.

The result of filtration includes not only waste but also other important things that the
body needs, such as ions, small protein, amino acids, and glucose. Hence, this filtrate fluid
flows into the renal tubule for the reabsorption process, where the necessary chemicals are
reabsorbed through the wall of the renal tube. Simultaneously, waste ions exit the capillaries
and enter the renal tubule. This process is referred to as secretion. Finally, these remaining
filtrate and waste ions exit the kidney through the renal pelvis, the ureter, and the bladder.
Urine is about 91-96% water, and the remaining composition is waste products [25]. Urine
output in adults ranges from 1-2 litres per day, depending on hydration, activity level,
environmental variables, body weight, and overall health. The latest study has reported a total
of 444 VOCs found in urine with the largest compounds identified belong to ketone group
[16]. Because ketones were detected in much lower quantities in the urine of ‘germ-free’ rats,
it is probable that ketones in urine are produced at least in part by bacterial activity in the gut,
perhaps via decarboxylation of the corresponding oxo-acids [26].

2.3.3. Faecal
There are many species of bacteria in the human gut microbiota, and it is believed that
these bacteria contribute to the integrity of mucosal as well as the maintenance and protection
of host health as a result of defending against invading organisms [27]. Because of this, it is
possible that the interaction between food and these gut microbiotas will result in the
formation of faecal VOC that are shared by various people. For example, Bacteroides, in
particular, are responsible for the fermentation of carbohydrates in the gut, which results in
the production of ethanoic, propionic, butanoic, pentanoic, and hexanoic acids [28]. On the
other hand, it is possible that gastrointestinal illnesses will result in a distinct pattern of VOC
production [29]. A recent study by Petal et al. showed a change in faecal VOC profile of
patients with Clostridium difficile infection [30].

A recent study reported a total of 443 VOC found in faecal of healthy people [16].
Compared to the number of VOC found in the breath, there is still more qualitative analysis
study that needs to be done on faecal samples. A recent study suggests that the mouth
microbiome may have an effect on the gut microbiota [31]. Olsen and Yamazaki investigated
patients with chronic periodontitis and they discovered that the Porphyromonas gingivalis
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bacteria from mouth produces a dysbiosis in the stomach, which results in dysregulation of
the gut microbiota [31].

2.4. Previous Research on Human Waste Odour for Disease Detection
For many years, in addition to physical exams, diagnosing human illnesses using the
sense of smell remained one of the most reliable techniques used in clinical medicine. The
smells released by the patient’s body were previously regarded as one of the most important
early diagnostic indicators. As a result of the important emphasis on the assessment of patient
odour, back in 1982, Fitgerald and Tierney presented a variety of signs and additional
diagnostic methods that offered valuable relevant information for clinical diagnostic
examinations [32]. Their publication was inspired by the worry that smell prognosis might be
forgotten to the future generation physicians. They also provided several examples of smell
bioindicators for various disease to highlight the need of maintaining the smell diagnostic skill
in the medical community. Numerous studies have linked unique individual human smells to
certain human diseases and disorder. Table 2.1 shows the list of some diseases with sample
type and their associate aromas.

Table 2.1. A list of descriptive aromas with its associate disease and sample type
Sources
Liddell et al. [33]
Pavlou and
Turner [34]
Hayden [35]
Smith et al. [36]
Hayden [35]
Pavlou and
Turner [34]
Pavlou and
Turner [34]
Najarian [37]
Pavlou and
Turner [34]

VOC
sample type
Breath

Disease

Descriptive aroma

Diabetic ketoacidosis

Rotting apples, acetone

Breath

Diabetes mellitus

Acetone-like

Breath
Breath
Breath

Empyema (anaerobic)
Liver failure
Uremia

Foul, putrid
Dimethyl sulphide
Fishy, ammonia, urine-like

Urine

Trimethylaminuria

Fishy

Urine

Bladder infection

Ammonia

Urine

Azotemia (prerenal)

Concentrated urine odour

Stool

Rotavirus gastroenteritis

Full

As shown in Table 2.1, a distinctive odour is linked to a variety of diseases. Liddel et
al. for example, described in their report that fruity aroma rotting apples could be an early sign
of diabetic ketosis. However, smelling patient waste directly through the nose imposed many
drawbacks from the increasing risks of disease transmission to the high possibility of smelling
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and decision fatigue experienced by physicians which may lead to misdiagnosis. Replacing
human olfactory systems with machine is more desirable as to avoid potential problems
mentioned above. This machine is often called an electronic nose (E-nose). A deep explanation
of the working principle of E-nose can be found in Chapter 3. In 1997, Ping et al. used E-nose
technology to examine exhaled breath odour of 32 subjects which consisted of 18 diabetic
patients and 14 healthy normal persons to detect diabetes [38]. Their study shows that
analysing the exhaled breath after the meal might be a reliable monitoring method for diabetes
diagnosis. More modern analytical tool that implements the principle of E-nose has been
emerging due to the simple and fast analysis time nature of E-nose. Some of them are field
asymmetric ion mobility spectrometry (FAIMS), gas chromatography ion mobility
spectrometry (GC-IMS), and gas chromatography time of flight mass spectrometry (GC-TOFMS). The detailed working principle of these methods can be found in Chapter 3.

In 2014, Ramesh et al. investigated the urinary VOC profile of patients in order to
differentiate those with coeliac disease from irritable bowel syndrome using FAIMS [39].
They found out that FAIMS was able to achieve 0.91 (0.83 - 0.99) ROC Curve AUC with
85% of sensitivity and specificity when using sparse logistic regression as the classification
model. On the other hand, Marije et al. used FAIMS to diagnose Clostridium difficile Infection
(CDI) on hospital wards by analysing the stool VOC of patients [40]. Using a random forest
algorithm, FAIMS can detect CDI with an AUC of 91% (0.86 - 0.97). When deploying FAIMS
to analyse breath VOC samples, Sahota et al. found that FAIMS is capable of detecting
patients with tuberculosis from healthy with 81% sensitivity and 79% specificity [41]. From
these, FAIMS shows promising potential as one of the tools for noninvasive diagnostic.

On the other hand, Baumbach et al. used GC-IMS to investigate volatile metabolites in
human exhaled air [42]. In their research, they found out that GC-IMS was capable of
differentiating patients suffering from pneumonia from healthy persons. As pneumonia is one
of the symptoms of lung cancer, this finding gave hope that metabolic VOC analysis has the
potential for an early diagnosis of lung cancer. This research has inspired other researchers to
explore more into the capability of GC-IMS in terms of medical diagnosis, from cancer
detection [16,17] bacterial infection monitoring [18,19] to detecting gastrointestinal diseases
[20,21].

When it comes to GC-TOF-MS, one of the studies that used this method is a study by
Haiyan et al. in 2019 [49]. They conducted research that investigated the VOC of vitreous and
aqueous humour in patients as potential biomarkers to detect diabetic retinopathy. It turned

16

out that GC-TOF-MS coupled with logistic regression was able to differentiate the diabetic
retinopathy patient from healthy control with the AUC, sensitivity, and specificity of 0.965,
88%, and 95.7%, respectively, when using aqueous humour. Similar performance of GC-TOFMS was also achieved when using vitreous, with 0.951 AUC, 95.5% sensitivity, and 85.7%
specificity [49].

GC-TOF-MS was also used to detect inflammation biomarkers in the lung by in vitro
stimulation using A549 epithelial cells [50]. Delphine et al. introduced chemical and
biological stress into the cell by exposing it to H2 O2 and an inflammatory pool of sputum
supernatants, making the cell inflamed. Based on the type of induced inflammation, the VOC
profile detected by GC-TOF-MS differs significantly when compared to healthy control cells.
Using NIST 2014 mass spectra library combined with chromatographic data such as the linear
retention index (LRI), an increase of carbonyl compounds and hydrocarbons were observed.
This shows the potential of GC-TOF-MS as a biomarker discovery tool and a highly effective
tool for VOC analysis.

2.5. Current Data Analysis Approaches
The fundamental theory of metabolomics waste of humans for disease diagnosis has
been explained in the previous section and shown promising potential. Nevertheless, the
advances of technology in gas analytical instrument creates issues in terms of interpreting
VOC metabolomics data. Even though the sensitivity and selectivity of instruments increase,
the resolution and complexity of raw data generated by these analytical methods are also
increased, posing a new challenge for researcher to solve. Below, a brief overview of preprocessing techniques, multivariate analysis, and machine learning are presented.

2.5.1. Pre-processing
Pre-processing process becomes a crucial stage in the process of analysing odour
metabolomics as the data is increasingly complex. In 2002, Marthinelli et al. proposed a preprocessing technique called Independent Component Analysis (ICA) [51]. This preprocessing technique had improved the separation of apple based on their ripeness stages using
Partial Least Squares Discriminant Analysis (PLS-DA) and Principal Component Analysis
(PCA). More traditional method of pre-processing in gas sensor array E-nose involves
filtering, noise reduction, and standardisation [52].
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More modern analytical tools like IMS requires more complex pre-processing step due
to the nature of high dimensionality raw dataset that it produced. Ewa et al. proposed data size
reduction strategy for the classification of exhaled breath-based biomarkers [53]. The step she
suggested involves data alignment, denoising and compression in the wavelet domain,
background correction, and mask construction. Using these pre-processing steps, they claimed
to be able to reduce the 500.000 data points in Multicapillary Column Ion mobility
Spectrometry (MCC-IMS) to just around 200 data points. Employing this technique may
speed up the process of analysis.

2.5.2. Multivariate Analysis and Machine Learning
In the process of traditional E-nose data, multivariate technique is typically better suited
since hundreds of variables may be handled concurrently. Multivariate method examines the
correlation and covariance of the whole dataset. One of the most famous multivariate
techniques used in dealing with E-nose data is Principal Component Analysis (PCA). It is an
unsupervised linear technique that reduce the number of dimensions in the data by focusing
on a limited number of principal components (PCs) that are linearly uncorrelated and account
for the most of the variance [54]. The first PC is a linear collection of characteristics that
represents that data’s greatest variance. The next PC is orthogonal to the preceding one and
reflect the greatest variance left after the preceding PC, and so on. The PCA result is shown
using a score plot, in which each sample is represented by a single point indicating the
relationships between all samples. The data points that clustered have similar characteristics,
whereas points farther apart have dissimilar properties. A successful PCA implementation will
create a distinct cluster of points in which little or no overlap is observed. In this case, the first
two PCs usually will be accounted for >90% of the variance [55].

PCA and other unsupervised techniques reduce dimensionality and also show group
clusters when within-group variance is less than the variation between groups. Meanwhile,
supervised learning methods may be used to investigate pattern within samples and associate
it with certain health conditions. Linear Discriminant Analysis (LDA) is a supervised linear
technique that attempts to discover a linear discriminant function that may be used to
distinguish certain groups [56]. Although this is a quick and effective method, it should be
used only when the number of samples is bigger than the features [57]. Partial least-square
discriminant analysis (PLS-DA) is another linear supervised method that works by creating
new dimensions based on the linear combinations of input features. Although these techniques
are powerful, it usually not capable when dealing with complex non-linear data. Classification
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algorithms used in non-linear statistical learning methods are classified into 3, which are treebased technique, neural networks, and kernel-based method.

2.6. Conclusion
This section has reviewed the fundamental theory behind human waste odours and
olfactory systems. The human waste aroma associated with specific diseases and disorders has
also been summarised. The advances of analytical tool technology have also pushed the
advances of data analysis field. The potential of odour analysis as a diagnostic and monitoring
method looks promising. The next chapter will explain more about each modern analytical
technology used throughout this thesis.
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Chapter 3
SENSING INSTRUMENT
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3.1. Introduction
This chapter will provide an overview of the analytical methods used for the work
conducted throughout this thesis. This will include the Electronic Nose (E-nose), Field
Asymmetric Ion Mobility Spectrometry (FAIMS), Gas Chromatography Ion Mobility
Spectrometry (GC-IMS), and Gas Chromatography Time-Of-Flight Mass Spectrometry (GCTOF-MS). The operating principle, medical application, and description of the commercial
products for each method are also described. Lastly, the pros and cons of each method are
compared.

3.2. Electronic Nose (E-nose)
An electronic nose (E-nose) is an instrument that attempts to mimic the mammalian
olfactory system. It consists of an array of gas sensors with partial specificity that performs
the same task as olfactory receptor cells in the roof of the nasal cavity, a data acquisition
system that acts as an olfactory bulb, and a pattern recognition system that acts as the brain,
capable of recognising simple and complex odours. Figure 3.1 shows the similarity between
the biological olfactory system and the electronic nose technology [1].

Figure 3.1. Electronic Nose Concept[1]
Moncrieff’s work in 1961 on the development of a mechanical nose for detecting odours
is arguably to be the earliest known work on a mammalian inspired instrument [2]. Then,
research on redox reaction of odorants at an electrode and modulation of contact potential
odorants, in 1964 and 1965 progressed the maturity of this instrument [3,4]. However, it was
not until almost 20 years later that Persaud and Dodd (1982) at Warwick University, UK [5]
and Kaneyasu et al. (1987) at Hitachi, Japan [6] published papers on the idea of using an
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electronic nose with a chemical array sensor system for odour classification. Then, in 1987,
the ‘electronic nose’ term was introduced by Gardner through his work in an international
conference [7]. Since then, the food and beverage industry has been the first to apply E-nose
technology and it remains the largest sector ever since. For example, it has been used to detect
adulteration in meat, assessing the quality of tea and coffee, determining the roasting level in
cocoa beans and many more [8]. The key point of E-nose technology is that it can be taught
to recognise new smells. It is also highly customisable, can be made portable, easy to use and
at a relatively low-cost compared to other gas analysis technologies. Recently, the number of
papers on using the E-nose for medical applications has considerably increased [9]. This trend
is likely to continue due to the expanding need for rapid, low-cost, and non-invasive
techniques of diagnosis.

3.2.1. Operating Principle
The basic stages of how an E-nose system works is shown in Figure 3.2. First, the
sample release a multitude of VOCs. Then, the VOCs will be drawn into the instrument and
interact with the sensor array in some way. The most common response will cause an electrical
change (e.g., change in voltage, current, frequency or resistance parameter) to occur during
the interaction. This will create a signal that is then measured to form a raw dataset. Each
sensor used in an E-nose is cross-reactive, meaning that it will respond to a wide range of
chemical compounds. It is also important to have sensor diversity in the array, which means
each sensor has a different response magnitude to other sensors when being exposed to certain
VOC. This will enable the E-nose to identify complex VOCs that may comprise hundreds of
individual chemicals. Instead of only analysing an individual sensor signal, the combination
of signals from all of the sensors will create a unique response pattern, often called a "smellprint". Through recognising this smell-print pattern, using an appropriate pattern recognition
system, the E-nose has the capability to classify and identify complex VOC without having to
separate it into its individual chemical components. This allows for simpler and faster VOC
analysis. An illustration of a typical gas sensor array response to VOC can be seen in Figure
3.3.
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Figure 3.2. The Basic Stage of How E-Nose System Works [8]

Figure 3.3. An Example of Electronic Nose Sensor Array Setup; (a) Gas Sensor Array
Exposed to VOCs (b) Gas Sensor Array Response to a VOCs

29

3.2.2. WOLF Electronic Nose
The WOLF (Warwick OLFaction) E-nose system was built in house at the school of
engineering, the University of Warwick in 2014. The WOLF system is shown in Figure 3.4.

Figure 3.4. WOLF E-Nose in a Laboratory Setting
In brief, the instrument consists of 13 gas sensors, employing a range of different sensor
technologies, including 8 amperometric electrochemical sensors (AlphaSense, Essex, UK), 2
non-dispersive infra-red (NDIR) optical devices (Clairair, Essex, UK) and 1 photoionisation
detector (Mocon, Minneapolis, MN, USA). The sensors deployed in the WOLF are
summarised in Table 3.1. The working principles for each sensing method are explained
below.

Table 3.1. Sensors Deployed in WOLF E-Nose
Manufacturer

Sensing Method

Target Gases

Alphasense Ltd.

Electrochemical

O2 , NH3 , ETO, SO2 , O3 , NO, NO2 , H2 S, CO, H2

Clairair Ltd.

Infrared optical

CO2 , CH4

MOCON

Photoionisation

All

Electrochemical Gas Sensor
The amperometric electrochemical sensor works by measuring current response of the
sensor based on electrochemical oxidation or reduction of a gas molecule when interacting
with the sensor's catalytic electrode surface [10]. The amount of current generated is linearly
correlated with the concentration of the gas measured when the sensor operated under constant
potential conditions [11]. An electrochemical gas sensor typically consists of anticondensation membrane, capillary, hydrophobic membrane, a sensing electrode (known as a
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working electrode), reference electrode, counter electrode and electrolyte, as shown in Figure
3.5.

Figure 3.5. Schematic of an Electrochemical Sensor [12].

The VOC is firstly flowing through anti-condensation membranes, which also protect
the sensor from dust. Then, the VOC diffuses through the capillary gap and hydrophobic
membrane to interact with the sensing electrode. The hydrophobic membrane prevents the
leak of electrolytes out of the sensor and allows a sufficient amount of gas to enter. The sensing
electrode, which is made of catalytic material, reacts immediately when interacting with the
VOC in the form of oxidation or reduction [10]. This process creates a current due to the loss
or gain of electrons. The counter electrode balances the reaction by providing an equal
opposite current to the sensing electrode. These transfer ions flow through the electrolyte
between these electrodes, whereas the current moves through wiring with a pin connector [12].
The reference electrode keeps the electric potential between sensing electrode and reference
electrode at a fixed rate as this is critical for the sensitivity and selectivity of the sensor[11].
The electrochemical gas sensors used in WOLF are produced by Alphasense Ltd and are
sensitive to O2 , NH3 , ETO, SO2 , O3 , NO, NO2 , H2 S, CO, H2 as previously shown in Table 3.1
[13].

Infrared Optical Gas Sensor
The basic working principle of infrared optical gas sensors is based on optical
spectroscopy, without chemical reactions involved. The response generated by an infrared gas
sensor is often less likely to be affected by environmental changes, with the exception of
pressure [14]. This type of sensor typically has a longer lifetime compared to other types of
gas sensor and can be used for real-time detection due to relatively short response time. The
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infrared optical gas sensor works based on absorption and emission spectrometry. The details
of absorption frequency for specific gases can be found in the HITRAN database [15]. The
type of optical gas sensor that is used in WOLF is Non-Dispersive InfraRed (NDIR) sensor.
The NDIR schematic diagram is shown in Figure 3.6.

Figure 3.6. Schematic Diagram of an NDIR Gas Sensor [16].
The NDIR systems usually consist of a light source, gas chamber and detector.
Mathematically, the interaction between infrared radiation with gas sample inside NDIR is
formulated in Beer-Lambert law in Equation 3.1
𝐼 = 𝐼0 𝑥 𝑒𝑥𝑝(−𝑘𝐶𝐿)

Eq. 3.1

Where I0 is the initial intensity of light source, I is the final intensity captured by the
detector after interacting with gas, k is absorption coefficient, C is a gas concentration and L
is the length of the gas chamber. Using beer-lambert law, it is possible for NDIR gas sensors
to identify particular gases based on their wavelength absorption [16]. The NDIR sensors used
in WOLF were manufactured by Clairair Ltd. with commercial product name as Cirius 1 (CH4 )
and Cirius 3 (CO2 ).

Photoionization
The basic working principle of Photoionization detector (PID) is the use of light to
ionise gaseous compounds to quantify the chemical in the gas samples by measuring the
charge given off when these chemical molecules return to neutral charge. The light source that
is used in PID is a high-energy proton ultraviolet (UV) light [17]. The choice of UV bulb is
crucial since the PID is only able to detect the molecules that can be ionised with the ionisation
energy lower than what the bulb can generate [18]. This ionisation energy is measured in
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electron volts (eV). Each VOC molecule has its own ionisation potential. The schematic of
PID’s basic working principle is shown Figure 3.7.

Figure 3.7. The Schematic of PID's Basic Working Principle [19]

When the VOC enters the sensor, it passes the UV lamp, absorbs the energy, and
chemical molecules inside the VOC are ionised. These ionised VOCs then flow to electrically
charged plates which act as a detector. When this ionised molecule gas hits the sensor,
electrical current is produced. The measurement of this current provides information about
concentration of the molecules [19]. This technical principle makes the PID gas sensor unique
as we can specifically pick the bulb that the UV energy light slightly above the ionisation
potential of targeted compounds. Even though this increases the specificity of PID, other
compounds in the sample with ionisation potential below the targeted compound will also be
measured, lowering the selectivity of the device. The PID sensor used in WOLF was
manufactured by MOCON with commercial label as 10.6 eV piD-TECH plus.

3.3. Field Asymmetric Waveform Ion Mobility Spectrometry (FAIMS)
Field Asymmetric Waveform Ion Mobility Spectrometry (FAIMS) is an analytic
method to separate gas-phase ions based on their differing mobility in high and low electric
fields [20]. Since its first conception in the 1980s, FAIMS has shown its potential as a gas and
vapour separation tool that works in atmospheric pressure [21]. This technology has been used
in many fields ranging from counterterrorism and law enforcement for explosives detection,
environmental hazards and pollutants and to detecting disease in the biomedical field [22].
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FAIMS has similar advantages to the electronic nose, which both undertake headspace
analysis, use air as the carrier gas, portable, relatively cheap, and simple to operate. However,
since FAIMS relies on the physical measurement of a chemical, it suffers less from drift
compared to most electronic nose instruments. Due to this feature, FAIMS also holds the
potential to be point-of-care tools in the medical field. Mostly, studies on FAIMS focused on
analysing VOC from urine, stool, and breath samples.

3.3.1. Operating Principle

Figure 3.8. Schematic of Working Principle of FAIMS.

The operating principle of FAIMS can be divided into three stages, ionisation,
filtration/separation, and detection as shown in Figure 3.8. The sample headspace is first
drawn to the ionisation chamber using a clean/dry carrier gas and then passed between two
parallel plates. It is known that an ion will experience constant force whenever an electrical
field is applied. The force that acts on the ion can be formalised as
𝐹 = 𝑞𝐸

Eq. 3.2

Where q is the charge of the ion and E is the electrical field intensity. In a vacuum, this force
will accelerate the ion with an acceleration of
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𝑎=

𝑞𝐸
𝑚

Eq. 3.3

Hence, the motion of the ion will only depend upon its mass and charge. When an
electric field is given to an ion in a buffer gas, the ion moves in the direction of the field with
velocity
𝑉 = 𝐾𝐸

Eq. 3.4

Where k is a coefficient of ion mobility. The K value of an ion depends on ion structure.
At low electric fields, K value is independent of electric field strength. However, at high
electric fields, the K value shows a nonlinear dependence on field strength [23] which can be
mathematically described as
𝐾ℎ (𝐸) = 𝐾0 [1 + 𝑓(𝐸)]

Eq. 3.5

Where 𝐾ℎ is the ion mobility at high electric field, 𝐾0 is the coefficient of ion mobility at zero
electric fields, and 𝑓(𝐸) is the ion mobility as a function of electric field strength.

In filtration/ separation stage, these ions will travel between two plates where the lower
plate is usually held at ground potential while an alternating voltage (asymmetric waveform)
is applied to the upper plate, creating an alternating voltage electric field in the space between
them. The direction of this electric field is perpendicular to the ion’s initial direction. This
alternating voltage consists of high and low electrical fields such that
(𝐸)ℎ 𝑡 + (𝐸)𝑙 𝑡𝑙 = 0

Eq. 3.6

Where (𝐸)ℎ is the high-field voltage, 𝑡 is the duration of the (𝐸)ℎ , (𝐸)𝑙 is the low-field voltage
and 𝑡𝑙 is the duration of (𝐸)𝑙 . Due to the perpendicular direction of electric field to the initial
ion direction, the ion will be displaced at a distance of
𝑑ℎ = 𝐾ℎ (𝐸)ℎ 𝑡

during the high-field

Eq. 3.7

𝑑𝑙 = 𝐾𝑙 (𝐸)𝑙 𝑡𝑙

during the low-field

Eq. 3.8
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From these equations, we can see that the total movement of the ion in one wave cycle
will be determined by its differential mobility (𝐾ℎ - 𝐾𝑙 ). When the 𝐾ℎ is greater than 𝐾𝑙 , ions
will experience a net movement toward the upper plate, and vice versa. If there is no other
voltage is applied, the ions will eventually hit the upper or lower plate and be lost. The greater
the difference between 𝐾ℎ and 𝐾𝑙 , the faster for the ion to hit the side of the plate. However,
when the 𝐾ℎ is the same with 𝐾𝑙 , the total ion movement in vertical direction will be zero,
allowing the ion to pass through the channel and be detected by the detector.

With this principle, it is possible to control which ion that can pass through the system
and transmit to the detection device. Additional DC voltage can be applied between the plate,
which act as compensation voltage (CV). The value of CV required to compensate for the
vertical movement on a specific ion depends on the ion’s ratio of 𝐾ℎ : 𝐾𝑙 , (𝐸)ℎ (also known as
dispersion field, DF), the temperature, the pressure, the gas flow rates and the analyte
concentration [24].

3.3.2. Commercial Products
A commercial FAIMS unit was utilised in projects relating to this work, specifically a
Lonestar VOC Analyzer (Owlstone, Cambridge, UK). This device was set up to capture the
headspace of sample by integrating it with an ATLAS sampling system (Owlstone,
Cambridge, UK) that controls the flow rate and the temperature of the sample. Inside the
ATLAS sampling system, clean/dry air is pushed over the surface of the sample into the
Lonestar before it is ionised by radioactive sources (Ni-63), which emits beta particles. The
term ‘FAIMS’ is used throughout this thesis when referring to the Lonestar VOC Analyzer.
The Lonestar VOC and the ATLAS sampling system are shown in Figure 3.9 and have a
dimension of 38.3 x 26.2 x 19.5 cm.
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Figure 3.9. The FAIMS Systems with ATLAS Sampling System of the Left Side

3.4. Gas Chromatography Ion Mobility Spectroscopy (GC-IMS)
Gas Chromatography - Ion Mobility Spectrometry (GC-IMS) is a cutting-edge
analytical technique that combines the high separation capacity of GC and the fast response
of Ion Mobility Spectrometry (IMS). At the beginning of its invention, this technique was
mainly used for environmental control and prohibited substance detection [25]. However, for
the past decade, GC-IMS technology has grown significantly, attracting many people from
other fields to employ it.

The GC-IMS was originally used for detecting food and environmental monitoring.
However, in the early 2000s, Baumbach et al. used GC-IMS for the first time to investigate
volatile metabolites in human exhaled air [26]. Since then, the number of studies using GCIMS in the medical field has increased. The recent advances of the GC-IMS method is the
addition of the NIST library to the system that makes it possible to detect compounds related
to separation. NIST library is a standard reference database consisting of a comprehensive list
of retention times and mass spectral information that is provided by National Institute of
standard and technology, Gaithersburg, MD, USA. When certain unique unknown
compounds, that are represented as peaks in GC-IMS dataset, want to be investigated, the
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software will use a match factor to see the similarity of the peaks with the known library. This
allows the GC-IMS to act like an electronic nose using a pattern recognition algorithm to
detect “smell print” from the VOC with the additional features of compound detection, which
were previously only possible on GC-MS and similar approaches. Thus, GC-IMS
demonstrates the potential as a prominent and highly effective tool for disease detection based
on VOC analysis capable of biomarker discovery.

3.4.1. Operating Principle
GC-IMS involves a two-stage analytical process: pre-separation and detection. In the
first stage, the complex chemical mixture deriving from the sample headspace are injected
into a gas chromatograph, where a carrier gas (mobile phase) pushes the sample through a
capillary column. The column is either packed with finely divided solid or coated with a film
or a liquid that act as stationary phase [27]. As the chemical mixture pass through the column,
the gas mixture is separated into its component based on chemical interactions between each
individual component with the stationary phase. As a result of this, compounds are eluded
from the column at different times, which is known as retention time. The key factors that
affect the pre-separation in GC are the stationary phase, column temperature, internal diameter
of column, film thickness and column length [28].

The detection of the analyte happens inside the IMS. Within the IMS, VOC ions are
created by soft chemical-ionisation (low-radiation tritium ( 3H) source). These ions are fed
into a drift tube, which are propelled along it by a uniform electric field. Against the flow of
ions, a buffer gas is added (i.e. pure nitrogen). Under this circumstance, the ions which initially
move with acceleration will soon achieve terminal velocity due to ion collision with buffer
gas, which can be formulated as equation 3.4. The mobility of ion in buffer gas depends on
the ion’s collision cross-section [29]. In general, larger molecules are struck more times than
smaller molecules, losing momentum and, thus, taking longer to travel along the tube. The
time for the ion to hit the detector is known as drift time. As a result, each substance’s drift
time is dependent on the interaction of the ion with the electric field and the buffer gas. A
Faraday plate is used to measure the resulting ion current, as a function of time [25]. The
intensity of ion current is related to the concentration of the molecules. By knowing the drift
time, the terminal velocity of each molecule can be calculated. Hence, the ion’s mobility K
can also be calculated. Using this principle, GC-IMS can detect substances down to parts-perbillion (ppb) range. The working principle of GC-IMS can be seen in Figure 3.10.
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Figure 3.10. The Schematic of Working Principle of GC-IMS

3.4.2. Commercial Products
In this study, we used a commercially available GC-IMS instrument from G.A.S
(Dortmund, Germany). Three different GC-IMS variants were employed including
BreathSpec, GC-IMS-SILOX, and FlavourSpec.

The BreathSpec is a GC-IMS instrument that has been developed and optimised for the
analysis of VOC of human exhaled breath. It has been designed for a direct handheld sampling
method in which patients breathe directly into the mouthpiece, and the exhaled breath is
sucked into the machine by an integrated pump. The BreathSpec also provides the leur-port
for remote sampling method by injecting the breath sample using a disposable syringe for
ultimate hygienic handling. A Circular Gas Flow Unit (CGFU) can be fitted onto the
Breathspec system. CGFU filters and recirculates ambient air which provides a simpler
alternative over traditional external gas supply. Figure 3.11 shows the BreathSpec (including
CGFU) unit which has a dimension of 45 x 50 x 30 cm.
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Figure 3.11. G.A.S. Breathspec GC-IMS Instrument [30]

An alternative form is the GC-IMS-SILOX, which is a stand-alone GC-IMS instrument
that has been developed to measure siloxanes in biogas, landfill or sewage gas. The one-button
design provides a user-friendly experience. The device can be used as an online monitoring
system testing which automatically sampled according to user desirable intervals. As this
device needs an external gas supply to run the system, CGFU or N2 generator is usually
equipped into the system. The dimension of this device is 44.9 x 43.5 x 17.7 cm. Figure 3.12
shows the GC-IMS-SILOX instrument that we used.

Figure 3.12. G.A.S. GC-IMS-SILOX Instrument [31]

Finally, the FlavourSpec is an ideal GC-IMS system to measure the VOC from a
headspace of liquid and solid samples, like urine and stool. It comes with an automatic
headspace injector that allows for fully automatic handling of multiple samples including
sample preparation like heating up and mixing. The whole FlavourSpec system (including the
automatic headspace injector) has a dimension of 101 x 80 x 79 cm. Figure 3.13 shows the
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FlavourSpec system that was used in this work. The radioactive source used for ionisation in
all these GC-IMS instruments is 3H- Tritium, which emits beta radiation.

Figure 3.13. G.A.S. FlavourSpec GC-IMS Instrument [32]

3.5. Gas Chromatography Time-Of-Flight Mass Spectrometry (GCTOF-MS)
GC-TOF-MS works in a similar way to traditional GC-MS methods, but instead of
filtering ions by mass, the TOF utilises ‘time of flight’ and analyses all ions present. The
popularisation of GC-TOF-MS began since 1995 when LECO Corp., Micromass UK Ltd.,
Jeol Ltd. and Themo Fisher Scientific introduced the first commercial GC-TOF-MS to the
market [33]. Since then, GC-TOF-MS has been used in various fields ranging from food,
environmental, to medical areas [34,35,36].

GC-TOF-MS provides an efficient separation technique for complex VOC sample
analysis. This method has shown tremendous potential for biomarker discovery with excellent
sensitivity, specificity, separation capacity, accuracy, and reliability in identifying small
molecules in various biological samples. Another advantage of GC-TOF-MS is it can provide
full-spectrum accurate-mass data, which enables it to investigate the presence of non-targeted
compounds [37]. The use of GC-TOF-MS as a biomarker discovery tool is possible by
combining the data from this instrument with NIST 2014 mass spectra library. Because of
that, many researchers employed GC-TOF-MS in their projects.
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3.5.1. Operating Principle
There are two separation steps that occur inside the GC-TOF-MS, pre-separation based
on chemical interaction between VOC with stationary phase inside the GC/GC column and
detection of each chemical component based on ‘time of flight’ of ions inside TOF-MS. The
first part has been described in section 3.1.3.

Figure 3.14. Schematic Diagram of GC-TOF-MS. Sample is First Pre-Separated by GC
Before Being Ionised. Then, the Time it Takes for the Ion to Travel from Ionisation
Chamber to the Detector is Measured. In the Flight Tube, Ions Separate into Groups
According to Velocity.

VOC that has been pre-separated by GC, will be Ionised inside the ionisation chamber
before it enters the TOF chamber. TOF-MS works based on the concept that lighter ions will
travel faster than heavier ions in a vacuum when they have the same kinetic energy. Figure
3.14 shows a simplified conceptual diagram of a TOF-MS. Several kilovolt potentials are
applied to accelerate the ions to travel along the flight tube and strike the detector at the end
of the tube. The time it takes to traverse inside the tube from the ionisation chamber to detector
is known as time of flight, which can be formulated as

𝑡 = 𝐿√

𝑚
2𝐸

Eq. 3.9

Where t is time of flight, L is the length of flight tube, m is the mass of the ion and E is
kinetic energy of the ions. To accurately capture the signal from detector, the data acquisition
system must operate at a nanosecond or shorter time scale [38]. The advances in signal
processing technologies have made it possible to achieve such a level of accuracy at a modest
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cost, making TOF-MS more popular for analytical purposes. The addition of the TOF-MS into
the GC method allows for further separation of the ions present in a sample, increasing the
sensitivity of the method.

3.5.2. Commercial Products
In the project relating to this thesis, we utilised a commercial GC-TOF-MS system
which consists of a TRACE 1300 GC (Thermo Fisher Scientific, Loughborough, UK),
combined with a BenchTOF-HD TOF-MS (Markes Intl., Llantrisant, UK). The GC column
used was a 20 m, 0.18 mm ID, Rxi-624Sil MS column (Thames Restek, Saunderton, UK).
This system also includes a high-throughput auto-sampler and a thermal desorption unit,
ULTRA-xr and UNITY-xr, respectively (both from Markes Intl.). Figure 3.15 shows the
picture of the GC-TOF-MS system.

Figure 3.15. GC-TOF-MS Instrument Used in This Thesis: (a) TRACE 1300 GC; (b)
BenchTOF-HD TOF-MS; (c) ULTRA-xr and UNITY-xr

3.5.3. Thermal Desorption
Thermal Desorption (TD) is the most common pre-concentration tool for VOC analysis.
TD works by collecting VOC into sorbent material, which then can be stored or used directly
by heating up (around 200-300 C) the sorbent in the flow of carrier gas (typically helium) to
release the high concentrated VOC. It was first used in the mid-1970s to concentrate sulphur
dioxide [39] and nitrogen dioxide [40] before injecting them into GC. It helped increase the
sensitivity of GC by reducing peak widths. Figure 3.16 shows the capped and uncapped TD
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tube. TD is usually made of stainless-steel pack with sorbent material. With the advances of
modern technology, there is a wide variety of sorbent material available. A few things to
consider when choosing the best sorbent material for VOC analysis are: it has to be able to
withstand higher temperature than required for desorption while generating minimal artefact
of heating, the affinity of the sorbent should be low for water, and it has to have a low metal
concentration [41]. There are three characteristics of sorbent material: volatile range, memory
effects and breakthrough volume. The Volatile range of a sorbent tells us about the range of
carbon numbers that suit the most. Memory effect happens when there is still remaining VOC
after thermal desorption. Breakthrough volume is defined as the volume of carrier gas per
gram of sorbent material, which causes the analyte molecules to travel through the TD.
Knowing this value is important to make sure that the analyte of interest does not accidentally
purge out of the system during data collection. Once the VOC is captured inside the TD, the
sample can be stored for hours or days before it slowly degrades [42]. The main drawback of
using this technique is that TD can only release the VOC once. It means if a problem occurs
during the process, there is no second measurement using the same concentrated sample.
However, modern TD systems allow partial recapture of the desorbed VOC for repeating
analysis with slightly diluted sample.

Figure 3.16. Un-Capped and Capped Thermal Desorption (TD) Tubes

3.6. Quality Control and Calibration
All instruments were checked before any experiments were undertaken. These were
either part of our standard QC checks or part of test to ensure that the instrument was fully
functional. For the GC-TOF-MS, before any tests, the method was first checked, followed by
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the vacuum level, voltages and flow rates to ensure there are no obvious issues with the
instrument. Then a water/air check was undertaken to ensure there were no leaks in the system.
This was followed by an autotune, where a known calibrant is injected into the mass
spectrometer, and the instrument calibrates the high voltage components to optimise the signal
to noise ratio. If the system passes these checks, then the instrument is ready to be used. Less
regularly, a calibration standard formed of a “mega-mix” of chemicals is loaded onto a tube
and run through the systems. This ensures that the instrument is fully functional, peaks elude
at a similar time to previous experiments and checks the accuracy of the NIST list
identification.

For the FAIMS unit, QC checks are undertaken on the internal temperature of the unit
(sample and measurement) and that the pressure and flow rates are within an acceptable
working range. Then, the output of the instrument is checked for contamination (which can be
easily visually observed) and that the peak at zero dispersion filed is within the manufacturer’s
tolerance. The instrument does not need regular calibration, but a test standard is used, in line
with the manufacturer’s recommendation, periodically (once a month). In addition, air blank
vials were used before and after a batch of samples to take a background reading.

The GC-IMS checking was similar to those earlier. First, temperature zones and flow
rates were checked before starting a batch of samples. Then the RIP time and its magnitude
were checked and compared with previous readings and the manufacturer’s recommended
value range. Though there were no recommended test chemicals, basic chemicals at low
concentrations (specifically ethanol and acetone) were used to check the functionality of the
unit. In addition, air blank vials were added at the beginning and end of a batch of samples to
take both a room blank and to check the functionality of the instrument.

3.7. Comparison
A comparison and summary of instrumentations technology that is used in this thesis,
with a visual explanation of their working principles, is shown in Figure 3.17. Each of these
instruments has its own strengths and weaknesses. Table 3.2 below shows the pros and cons
of each instrument.
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Figure 3.17. Comparison and Schematic of VOC Detection Technologies Used in This
Thesis. (a) Electronic Nose (E-nose): Generates a Single from a Cross-Reactive Gas Sensor
Array, (b) Field Asymmetric Ion Mobility Spectrometry (FAIMS): the Separation of
Compounds Based on Different Ion Mobility in a High and Low Electric Field; (c) Gas
Chromatography Ion Mobility Spectrometry (GC-IMS): GC Which Perform the PreSeparation is Represented in Blue and the Separation of Compounds Based on Ion Mobility
Represent as a Group of VOCs with a Different Colour. (d) Gas Chromatography Time of
Flight Mass Spectrometry (GC-TOF-MS): Pre-Separation is Performed by GC and
Compounds Separation Based on the Time it Takes to Reach the Detector. A Typical
Response is Shown for Each Method. VOCs are Illustrated as Red, Green, and Blue Circles.

Table 3.2. Summarise the Pros and Cons for Each Device Used in This Thesis.
Technology
E-nose

Advantages

Disadvantages

•

Relatively low-cost

•

Poor intra-device repeatability

•

Use ambient air as the carrier.

•

Limited temporal stability

•

Quicker analysis time compared with

•

Poor selectivity due to the promiscuous

traditional gas analytical equipment

nature of the chemical interaction

(such as GC-MS)

between sample and the sensors
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•

Provide a real-time method that

•

Because of the poor repeatability,
selectivity and stability, it’s currently

requires little to no pre-treatment.

still hard to implement E-nose into
clinical practice

•

Data processing is still a challenge that
needs to address properly.

FAIMS

•

•

Good intra device stability allowing a

•

Chemical identification is not possible.

plug-and-play application in clinical

Hence, FAIMS cannot be used as

practice after the initial validation

biomarker discovery tool (without the

Produce high dimensionality data,

additional of a separate GC)

rich with chemical information

•

•

•

Cannot provide Collision Cross Section
values

High sensitivity with a reproducible
detector in a point of care tool

•

Requires high flow rate of clean air

Application can be easily used

•

Compound with low proton affinity is

without requiring extensive training

hard to detect

•

There is a risk of radioactive
contamination.

GC-IMS

•

Provide high information content

•

Physical measurement of complex
chemical headspaces but still fulfil

•

analysing the data

•

many of the requirements needed as a
point of care tool

•

Complex spectra provide a challenge in

Compound with low proton affinity is
hard to detect

•

Combined the high separation of GC

There is a risk of radioactive
contamination.

and fast response of IMS

•

The interface is simple and low cost,
making the miniaturisation of its
equipment possible.

•

Provides rapid analysis, high
sensitivity and variable volume
injection, with no pre-treatment

•

It can separate the compound into two
dimensions

GC-TOF-MS

•

High separation efficiency

•

Atmospheric pressure operation

•

High mass accuracy

•

Can provide full-spectrum accurate-

The price is still considerably
expensive.

mass data which enables it to

•

Bulky/lab based

investigate the presence of non-

•

Requires specialised trained staff to

targeted compounds.

•

•

operate

Fast acquisition rates
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•

Spectral continuity and exceptional

•

Requires helium

dynamic range

•

Moderate to high resolution

3.8. Conclusion
Recent advances in the field of portable and low-cost gas analysers, including E-nose,
FAIMS, GC-IMS and GC-TOF-MS, have improved the potential of utilising these instruments
for diagnostic and monitoring purposes through analysing human metabolic waste VOC
profile such as stool, urine and breath. This chapter has provided a detailed overview of the
operating principle, description of commercial products and their application in the medical
field for each analytical instrument used in this thesis. This chapter will be referred to in the
respective method section in chapters 5 and 6. In the next chapter, the raw data and the method
used to analyse the data for each analytical instrument will be discussed in detail.
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Chapter 4
DATA ANALYSIS
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4.1. Introduction
This chapter describes the data analysis approaches used to analyse data from the Enose, FAIMS, GC-IMS, and GC-TOF-MS methods in studies undertaken related to this thesis.
Firstly, the structure and dimension of the raw data generated by each method is explained.
Then, each step of data analysis pipeline is discussed in detail, including the improvements
for each step. Finally, the data analysis for each method is concluded.

4.2. Data Structure
Every instrument creates a different output response when gas or VOC is introduced.
The dimension, size, amount of information, and characteristics are also different. While Enoses generally provide the smallest datasets, GC-IMS produces the largest data from a single
sample. In this section, the structure, dimension, and characteristics of raw data produced by
each instrument are described.

4.2.1. E-nose
As explained in chapter 3, E-nose systems operate in a manner similar to the
mammalian olfactory system where an automated set of internal operations like sampling,
purging, and cleaning of the sensor chamber between tests are undertaken during a test cycle.
A schematic of single sensor response within a sensor array in an E-nose is shown in Figure
4.1. Typically, a reference gas is passed over the sensor array to establish a stable baseline
response. The sampling procedure is then carried out by exposing the sensor array to a sample
(usually continuously, but sometimes static), which causes changes in its output signal until
the E-nose responses reach a steady state. The E-Nose output signal then returns to its baseline
condition once the sample has been flushed out/removed with a reference gas, as shown in
Figure 4.1. The time that the sensor is exposed to the sample is called the sampling period.
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Figure 4.1. Schematic of Single E-Nose Gas Sensor Response

WOLF E-nose system uses 13 gas sensors in its sensor array. Figure 4.2 shows a typical
sensor response of the WOLF E-nose system when analysing a breath sample from a patient
with Crohn’s disease. The chemicals list on the right side refers to the general gas/VOC that
each sensor is designed to detect. As each sensor in the array has a unique reaction when a
sample is introduced, the WOLF output signal can provide a fingerprint for a specific sample
group. Data from the sensors are utilised to build a database for classification model training.
A single WOLF E-nose output is a matrix in which its rows are the sensors' responses, and the
columns are the E-nose sensor readings.
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Figure 4.2. Typical Sensor Output Responses of WOLF E-Nose

4.2.2. FAIMS
In relation to the number of features/covariates measured per sample, FAIMS generates
higher dimensional data that are rich in chemical information compared to an E-nose, as
previously mentioned in chapter 3. For all studies in this work, the FAIMS was set with a
dispersion field of 0% to 100% in 51 steps and -6 to +6 V compensation voltage in 512 steps,
with both positive and negative fields applied to the samples. This created a dataset of 52,224
points per sample, with each sample taking less than 60 seconds to capture. Figure 4.3 shows
a typical FAIMS response to urinary VOC sample from patient with pancreatic cancer. This
instrument produces a three-dimensional matrix as a result of the molecules passing through
an electric field between two plates and being detected. The x axis represents compensation
voltage in volts, the y axis shows dispersion field in %, and the z axis represent the total ion
current in arbitrary unit (A.U.). The blue area shown in Figure 4.3 represents the area with no
chemical information.
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Figure 4.3. Typical FAIMS Response to Urinary VOC Sample from a Patient with
Pancreatic Cancer

4.2.3. GC-IMS
As described in Chapter 3, the data output produced by GC-IMS are arranged in a threedimensional array. Here each point is represented by gas chromatography (GC) data output
with corresponding ion mobility spectrometry (IMS) chromatogram as shown in Figure 4.4.
The drift time spectra from the IMS is measured in milliseconds (x axis), the retention time
for the chromatographic column is measured in seconds (y axis), and the intensity of ion
current signal in volts (z axis). The signal’s intensity is shown by colour, with each high
intensity region representing a single or a mixture of molecules (with the same properties).
The extended red line represents the reactant ion peak (RIP). This is a constant background
signal in the spectrum that occurs as a consequence of the carrier gas being present throughout
the measurement procedure. The GC-IMS generates an output signal file in .mea extension,
which can be viewed using Laboratory Analytical Viewer (LAV) software (v2.2.1, G.A.S.,
Dortmund, Germany). This .mea file is exported to .txt file using the same software, before
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being processed. Figure 4.5 depicts an example GC-IMS response to a patient faecal sample
with refractory coeliac disease.

(a)

z
y

(b)

x

IMS Drift time

Figure 4.4. 3D Representation of GC Data Output with Corresponding IMS Chromatogram.
(a) Single IMS Spectra Data is Combined with GC Run Time Peaks (b) Heatmap
Corresponding to GC-IMS Peaks (Yellow and Blue Lines) (Image Adapted with Permission
from IMSPEX, UK)
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Figure 4.5. An Example Output of GC-IMS Instrument to Faecal VOC Sample from a
Patient with Refractory Coeliac Disease.

4.2.4. GC-TOF-MS
In the case of GC-TOF-MS, a 2D spreadsheet dataset is generated in which the x-axis
represents the retention time produced by the GC column (in minutes) and y-axis indicates the
amount of chemical detected (in abundance or total ion count). Figure 4.6 depicts the typical
raw response of the GC-TOF-MS to a urinary sample of a patient with Pancreatic Ductal
Adenocarcinoma (PDAC). The number at the top of the peak corresponds to a specific
retention time value that is associated with a particular chemical compound (as an example).
The chemical identification is accomplished by comparing the data to a NIST library (2016).
Figure 4.7 shows the chemical interpretation of peaks in a GC-TOF-MS dataset obtained from
a PDAC patient sample.

Figure 4.6. A Typical Raw Response of GC-TOF-MS when Analysing the Urinary VOC
Patient with PDAC.
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Figure 4.7. An Example of Chemical Interpretation of GC-TOF-MS Peak for Patient with
PDAC

4.3. Data Analysis Pipeline
The majority of VOC analysis application in medical field seek to distinguish between
disease states, such as a basic case-control design (disease group versus healthy group),
specific disease subdivisions (cancer stages) or different disease groups. For these
applications, classification analysis is required in order to discriminate between groups, and
eventually try to develop models that may be utilised as a diagnostic tool.

The data analysis pipeline used to analyse raw data from the E-nose, FAIMS, GC-IMS,
and GC-TOF-MS in studies relating to this thesis generally include pre-processing, data
splitting,

cross-validation,

feature

selection,

classification,

calculation

of

performance/generating ROC curves, and significant features as shown in Figure 4.8. The next
section gives a brief description of the processes involved in the data analysis pipeline. These
techniques have been used in a variety of clinical studies investigating the potential use of
breath, faecal, and urinary VOC analysis for various disease detection [1,2,3,4,5].
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Figure 4.8. Diagram of VOC Data Analysis Pipeline

4.3.1. Pre-processing
The pre-processing objective is to reduce the dimensionality of the data by
removing the data that does not hold chemical information. The raw GC-IMS output
files are complicated and have high-dimensionality. These pre-processing procedures
include RIP alignment, cropping, and thresholding.
WOLF E-nose
The objective of pre-processing step in analysing WOLF E-nose data is to extract
robust, less redundant information from the response of the sensor array. To achieve this, we
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use the baseline and maximum gas sensor response values as the most common and simplest
E-nose feature extraction approach [6]. The maximum value represents the greatest change in
the sensor response and indicates the final steady state of the whole dynamic response process,
as shown in Figure 4.1. There are many approaches that may be used to calculate the difference
between a baseline and a maximum. However, the model that was utilised in studies relating
to this thesis is as simple as subtracting the maximum from minimum value, which is also
known as the different model. The raw signal is analysed without the need to apply filtering
and smoothing. By utilising a different model, each gas sensor in the WOLF E-nose array
provides a single feature.

FAIMS
As shown in Figure 4.3, the majority of FAIMS data does not hold any chemical
information, which is represented by the blue area in the output graph. Hence, the raw FAIMS
data can be pre-processed to reduce the uninformative data. The pre-processing step in FAIMS
includes cropping and applying Discrete Wavelet transform. After Mallat introduced image
decomposition technique using multifrequency channel wavelet models in 1998, the Discrete
Wavelet Transform (DWT) quickly gained popularity as a highly flexible signal preprocessing tool [7]. This technique utilises time-localised wave-like oscillation, which has
zero mean to extract specific local spectral information from a dataset. In the studies related
to this thesis, two-dimensional (2D) DWT was applied as a pre-processing step to filter,
compress, and extract the unique signal in high dimensionality FAIMS data. We used imwd
function from R packaged called wavethresh, which was built based on Mallat’s pyramidal
algorithm [8]. In essence, the 2D DWT is done by applying one-dimensional (1D) DWT on
each row of a matrix, which acts as a horizontal filter, followed by another 1D DWT
application on each column, which acts as a vertical filter [9]. As the 2D DWT works only to
a squared 2𝑛 matrix and the edge area of FAIMS matrix contains negligible signal, the 512 x
102 FAIMS (positive and negative ion) raw matrix was padded with zero columns and cropped
to 128 x 128 matrix before 2D DWT was applied as shown in Figure 4.9. This procedure is a
common practice when dealing with wavelets and does not alter the wavelet coefficient of
interest. The wavelet filter type used in this step was Daubechies least-asymmetric wavelet.
After applying 2D DWT, a standard deviation was calculated across all samples. A threshold
of 0.5 was applied to the standard deviation value to exclude low variance data, with the same
value applied to all the samples. This step decreases the redundant feature and increases the
computational speed of analysis.
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Figure 4.9. FAIMS Pre-Processing Step Involving: (a) Raw Positive and Negative Ions Data;
(b) Combining Positive and Negative Ion Data Into 102 x 512 Matrix; (c) Padding the Data
with Zero to Make 128 x 512 Matrix; (d) Cropping the Data Into 128 x 128 Matrix for 2D
DWT.
In the beginning of data analysis pipeline development, similar pre-processing stages
were also applied to GC-IMS dataset. One of the key benefits of GC-IMS compared to FAIMS
is the potential of chemical discovery as each peak in the GC-IMS spectrum is associated with
certain chemical compounds. Hence, the importance of the ability to track back important
features into the original dataset is crucial for chemical biomarker discovery. The complexity
of 2D DWT in very high dimensional dataset, in terms of remapping the features of interest
into the original data, due to the scaling and location shifting of wavelet, made us decide to
stop using this pre-processing technique. However, the pancreatic study (section 5.2.1) and
IBD study (section 6.2) which both used FAIMS and were published in 2018, were still using
2D DWT and standard deviation threshold. On the other hand, the FAIMS study in detecting
colorectal cancer (section 5.3.1), which was published in 2019, applied only a 0.5 standard
deviation threshold.

GC-IMS
The goal of pre-processing in GC-IMS signal processing is to extract only the
information that is required for the training and model’s construction. The raw GC-IMS
outputs are complex and contain a high degree of dimensionality, but much lower information
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content. To extract the features, a variety of pre-processing procedures are needed, including
RIP alignment, cropping, and thresholding.

As the GC-IMS operates through an ionisation process at atmospheric pressure, the
nitrogen or air used as the carrier and drift gas in the IMS often contains water which is
important for the ionisation process to occur. This water molecule reacts with fast electrons
emitted by the beta radiation source, resulting in the formation of reactant ions. This reaction
generates the RIP [10]. These ions are found in all spectra and may be utilised to align the
samples. The RIP is found to remain consistent across all samples. However, due to the
variation in ambient pressure level caused by weather conditions, it is noticed that the RIP
position shifts slightly between samples. Thus, RIP alignment is performed as the first step of
the pre-processing step by selecting 1 sample as a reference and moving all other RIP samples
to match the position of the sample reference. This RIP correction is important to help the
feature selection method to choose the most informative features as a classification model’s
input.

A typical GC-IMS output matrix consists of 11 million data points. This high
dimensionality data does not align with the information content stored in the data. More than
50% of these data points are background noise, which can be seen as a blue area in Figure 4.5.
To reduce this, the next steps of pre-processing are cropping out the area of interest and
applying threshold to the dataset. These processes produce a pre-processed GC-IMS output
matrix, which is made of zero data as a background and non-zero data points represent VOC
peaks. Figure 4.10 illustrates the pre-processing steps as explained above.
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Figure 4.10. The Pre-Processing Steps of GC-IMS Dataset Involve: (a) Raw Data of GCIMS; (b) RIP Alignment; (c) Cropping Area of Interest; (d) Thresholding to Remove the
Noise.

GC-TOF-MS
In the case of GC-TOF-MS, there are three stages involved in pre-processing process.
It begins by extracting important information, specifically a list of identified chemicals, the
area of the peak, and its height for each of these chemicals. A new spreadsheet is then created
with all the samples in which the rows contain all of samples and the column represent the
chemicals detected in each sample. Finally, the chemicals that are present in only a few
samples are eliminated to clean up the data and make it easier for further processing steps.
This cleansing allows the number of chemicals to decrease the total number of chemicals
found in all the samples from the 1000’s to only 100’s.

4.3.2. Data Splitting
Data splitting is a fundamental process that happens after raw data has been cleaned
from noise and undesirable variability in the pre-processing step and before classification
model construction. It is a technique for dividing a given dataset into at least two subsets,
which are referred to as the training and test set. The training subset is used to create feature
sets, develop, and compare the model to achieve a final model. The final model is then tested
using the test subset to measure the model’s performance. Ideally, the final model should not
only be capable of making accurate predictions, but it should also have the capability of
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making generalisations. The poor generalisation may be characterised by overtraining, which
causes the model to learn the pattern too well, resulting in the model being unable to identify
the sample pattern outside the pattern found in the training set [11]. These two conflicting
goals, which are excellent prediction and good generalisation, are also known as the Bias and
Variance dilemma [12]. Cross-validation is a method that is often used to solve the problem
of bias and variance dilemmas. This technique will be discussed in more depth in the next
section.

Sometimes, when a study has a big dataset, it is also possible to acquire an additional
subset known as validation. This subset is a set that falls between the training and test set,
which helps hyperparameter optimisation of the model. In the studies relating to this thesis,
we utilised random data splitting to choose which data belongs to training, validation, or test
set. Due to the fact that the total sample size of each study is not the same, we split the data
according to certain rules. If a study had more than 50 samples in each group, we split the data
into three sets: training, validation, and test set. The training and validation sets were used to
train and tune the model, and the test set was used to evaluate how well the final model
performed. Although some studies in this thesis contain more than 50 samples in each class,
others have fewer than 50 samples per class since data collection in the medical field is costly
and the availability of patients willing to participate in the study is often limited. In this
particular instance, we simply split the data into training and validation sets, with both of them
being subjected to cross-validation process.

4.3.3. Cross-Validation
As mentioned before, one of the most common methods to find the trade-off between
bias and variance in model training process is cross-validation. It is a model validation
approach that is used to assess how correctly a prediction model will perform in a real-world
situation. The fundamental concept of cross-validation is to divide the dataset into several
subsets in which some subsets (training set) are used to train the prediction model, and the
other subset (called the validation set) are utilised to evaluate prediction error of the trained
prediction model repeatedly using multiple split variation of the dataset. Then, the model’s
predictive performance is estimated using the averaged outcomes of the validation tests. The
two most used cross-validation techniques are The Leave One Out Cross-Validation
(LOOCV) and k-fold cross-validation.

The LOOCV method creates the training set by using the whole dataset as input, with
the exception of a single observation. Training and testing a model are done using n-1
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observations in which n is the total number of samples and the observation that is left out of
the training set is then used for testing. This is then repeated until all of the observations have
been used as part of the test, at which point the procedure is completed. It means one model
needs to be constructed and assessed for each sample in training set. Having so many models
fitted and assessed, results in a more robust assessment of model performance since each data
has the chance to represent the whole test dataset, which leads to more accurate estimation.
However, due to the fact that the model must be fitted n times as many as the number of
samples available, it is computationally expensive. Therefore, LOOCV is not suitable for big
dataset and already computationally tasking model such as neural network. The illustration of
the LOOCV method can be seen in Figure 4.11.

Leave One Out Cross Validation (LOOCV)
Training data

Test data
Iteration 1
Iteration 2
Iteration 3

...

Iteration n-1
Figure 4.11. An Illustration of Leave One Out Cross Validation (LOOCV)

On the other hand, the k-fold cross validation makes use of a random splitting of the
original dataset into roughly equal-sized subgroups of k to obtain its results. The most frequent
values for k are 3, 5, and 10, with 10 being the most common value as a 10-fold crossvalidation offers a good balance between low computational cost and minimal bias in
estimating the model performance, when comparing to LOOCV and a simple single train-test
split. Not only that, but a 10-fold cross-validation is also extremely common in the applied
machine learning field. Hence, it is used in all of studies relating to this thesis. The ten
randomly split subsets are then divided into two groups. The first group consists of nine
subsets that are used as the training set, while another group (the one remaining subset) is
retained for model assessment, as shown in Figure 4.12. This process is repeated until all of
the subsets have been used as the test set for the final result.
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K-fold Cross -validation
Training data

Test data
Iteration 1
Iteration 2
Iteration 3

...

Iteration k
Figure 4.12. An Illustration of K-fold Cross-Validation

4.3.4. Imbalance Dataset
An issue that often arises in medical diagnostic research is imbalanced classification.
In nearly every illness, a medical laboratory has more patients who do not have the disease
than patients who do have it, especially in cancer [13]. In an imbalanced dataset, samples are
distributed unevenly across the compared classes [14], with one class having fewer samples
than the other classes. This imbalanced class distribution is likely to introduce extra problems
into the classifier learning process. The assessment criteria that drive the learning process
inside the classification algorithm may lead to the exclusion of minority classes (which are
treated as noise), and as a result, the generated classifier may lose its classification capacity.
Furthermore, this will lead to overly optimistic accuracy result as the classifier may attempt
to optimise the accuracy of its classification rule by neglecting the minority class [15]. Thus,
the classifier is therefore susceptible to overfitting the majority class. Many researchers have
attempted to solve the imbalanced problem thru various techniques [16,17,18]. However, one
of the most common techniques to approach this problem is resampling, which can be done
by either undersampling the majority class or oversampling the minority class.

Undersampling is a technique that is often used to handle the imbalanced dataset by
removing the samples in majority class to reduce the ratio of minority and majority class to
desired ratio, like 50:50, 60:40 in binary classification or 40:30:30 in multiple classification
problems. The simple undersampling technique reduces the majority of class samples
randomly. Further development of undersampling technique involving Condensed Nearest
Neighbour Rule (CNN) [19], TomekLinks [20], Edited Nearest Neighbor Rule (ENN) [21],
or Neighbourhood Cleaning Rule (NCL) [22] in its technique to either choose which samples
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from majority class that can be removed or which samples can be kept. Even though this
technique is simple, it is only able to apply to a study in which the minority class have enough
number of data to train the model. Due to the unavailability of data as a result of fewer patients
who have the disease or the high cost of collecting more data, more often than not in medical
research the overall dataset is already small. Another drawback of undersampling is this
technique may eliminate information that might be useful.

On the other hand, the oversampling is a technique that addresses the imbalanced
dataset problem by increasing the number of samples in minority classes to the desired ratio.
The simple oversampling method works by replicating the minority class to match with the
number of majority class. Although this technique does not reduce the valuable information
from the original dataset and is more suitable for small medical dataset, employing this
technique in the pipeline can increase the possibility of overfitting. Furthermore, this method
does not give new information to the model during training which may lead to poor
generalisation when new unseen data is tested. An illustration of undersampling and
oversampling can be seen in Figure 4.13.
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Samples of
majority class

Original dataset

(a)
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Duplicate the
minority class
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Figure 4.13. Illustration of (a) Undersampling in Which the Number or Majority Sample is
Reduced to Match the Minority Sample; (b) Oversampling Where the Minority Sample is
Duplicated Until it Matches with the Majority Sample.

Synthetic Minority Oversampling Technique (SMOTE) offers a better way of solving
the above-mentioned problems. Instead of duplicating the sample from minority class
randomly, it generates a new synthetic sample from the minority class data. It first randomly
selects the samples that are close in the feature space from the minority class. Then, k of the
nearest neighbours selected samples are identified (usually k =5). A randomly selected
neighbour is picked, and a synthetic sample is generated at a randomly selected position
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between the two samples in feature space (as illustrated in Figure 4.14) [23]. This method can
be used to generate as much synthetic data for the minority class as necessary. This technique
is an effective solution in reducing the possibility of overfitting while preserving the important
information inside the dataset because the new synthetic data is created reasonably near in
feature space to existing data from the minority class [23]. The drawback of this method is the
new synthetic data is created without taking into account the majority of class, which may
result in samples that are unclear when there is a significant overlap between the classes. In
the studies relating to this thesis, we used a combination between SMOTE and undersampling
as suggested in Nitesh Chawla, et al. [23]. It was performed inside 10-fold cross-validation
using R package called unbalanced.

Synthetic
samples

Figure 4.14. An illustration of SMOTE in creating synthetic samples from minority class

4.3.5. Feature Selection
As can be seen from Figure 4.9 and Figure 4.10, even though the pre-processing
techniques have been applied, the dimension of FAIMS and GC-IMS data are still high
(around 16384 and 1976000 data points in FAIMS and GC-IMS, respectively). We do not
expect all of these features to be informative. Therefore, we further reduce the number of
features by employing supervised feature selection technique in the pipeline. In this work, a
Wilcoxon rank sum test is used as the supervised feature selection technique by comparing
each feature between groups from pre-processed data (FAIMS or GC-IMS) in order to find
the feature point with the lowest p-value among the others (as illustrated in Figure 4.15). It is
a non-parametric version of the two-sample t-test that is often used for feature selection [24].
A non-parametric test is suitable for the nature of dataset as it does not make an assumption
that the data follows a normal distribution.
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Disease-group samples

Healthy-group samples

Wilcoxon rank-sum test

P-value
Figure 4.15. Illustrate the Feature Selection Method Using Wilcoxon Rank Sum Test by
Comparing Each Feature Between Groups to Get the p-value.

Initially, we run the classification analysis using 2 to 100 lowest p-value features to find
the optimum number of features to get the highest classification performance possible. In the
first study of pancreatic cancer detection using FAIMS (section 5.2.1), we used the 44 most
informative features. Figure 4.16 shows the performance of the random forest classification
algorithm in detecting pancreatic cancer samples from healthy control samples in the variation
of number of features used. However, as the work moved to process GC-IMS data, it was
found that this procedure increased the computational cost and analysis time dramatically.
Hence, we simplify the process by using the 20, 50 or 100 lowest p-value features as an input
to the classification algorithms (or just 100 for very large sample numbers). If the study only
covered a limited number of participants, 20 features are chosen. This is adequate information
for the algorithms to learn and reduce the possibility of overfitting while still allowing for the
discovery of significant features (later in the pipeline). Currently, the drawback of this method
is the fact that features are identified only on the basis of statistics and not on the basis of any
biological function.
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Figure 4.16. The Overall Performance of Random Forest Classifier is Represented as the
Sum of AUC, Sensitivity, and Specificity for Variation of Features from 2-100 when
Detecting Pancreatic Cancer from Healthy Control Using FAIMS.

4.3.6. Classification Models
The features that have been chosen by Wilcoxon rank sum test are then used as inputs
for machine learning classification algorithms inside 10-fold cross-validation. Based on the
review paper on the most classification algorithms used to analyse Breath VOC for disease
detection, 4 classification algorithms were chosen [25]. They are Sparse Logistic Regression
(SLR), Random Forest (RF), Support Vector Machine (SVM), and Neural Network (NN). We
also included the Gaussian Process (GP) into our pipeline as the fifth classification algorithm.
This algorithm is a sophisticated non-parametric machine learning classification method that
is able to handle high dimensional data with limited samples [26] and is often used in medical
diagnostic [27,28,29]. In certain cases, some of these methods outperform others depending
on the dataset and technology used. Examples include a research done by Di Gilio et al., in
which RF outperformed SVM in terms of discriminating between healthy controls and patients
with Malignant Pleural Mesothelioma (MPM) by analysing breath VOCs using TD-GC-MS
[30]. Another research by Bobak et al. also showed that RF surpassed SVM for distinguishing
between tuberculosis and other lower respiratory illness in children using GC x GC-TOF-MS
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breath analysis [31]. However, SLR successfully outperformed both SVM and RF in
differentiating coeliac disease from irritable bowel syndrome (IBS) by urinary VOC analysis
using FAIMS [32]. This is due to the fact that each algorithm has its own mathematical basis
at its core. A short description of each algorithm is given below.

Sparse Logistic Regression
Sparse Logistic Regression (SLR) is a method that often used to solve classification
problems in high dimensional dataset such as cancer classification based on gene expression
[33,34]. It is because SLR has its own feature selection technique that is integrated into the
method (usually called an “embedded method”), which means it performs feature selection
and classification simultaneously [35]. This can be achieved by employing a Least Absolute
Shrinkage and Selection Operator (LASSO) regularisation (L1 norm) into the classical logistic
regression [36]. It makes the model only focus on small subset of non-zero parameters and
makes it less prone to overfitting. SLR is suitable classification algorithm to apply in our
pipeline since the dataset, especially generated by FAIMS and GC-IMS, are a high
dimensional dataset and involve many zero coefficients in the feature.

Random Forest
The Random Forest (RF) method, developed by Breiman in 2001, is one of the most
successful general-purpose algorithms to have been developed in recent history [37]. It is
made up of hundreds or thousands of decision trees, each of which is built using a portion of
the training data that has been randomly chosen with replacement, known as bootstrapping. It
means some data will be used more than once in a single tree. Using these subsets as inputs,
each tree is fitted to the input to learn the pattern and make a class prediction. Then, the class
prediction of each tree inside the random forest model is combined and aggregated to create a
single prediction. RF is well known for its accuracy as well as its capacity to cope with small
sample sizes and high dimensional feature spaces [38]. Hence, RF is selected as one of the
machine learning algorithms to be included in our pipeline.

Support Vector Machine
Support Vector Machine (SVM) is a supervised machine learning algorithm that
works by identifying an optimal hyperplane with maximum margin distance in an ndimensional space (where N is the number of features), which distinguishes between the
different classes of data points. Hyperplane is a decision surface that helps differentiate data
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points based on their classes and margin distance is the distance between the hyperplane and
the closest data points. These data points are called support vectors, which have an impact on
the location and orientation of the hyperplane. Increasing the margin distance to its maximum
value offers some reinforcement, allowing subsequent data points to be categorised with more
certainty [39]. When dealing with nonlinear problems, SVM uses a kernel function that turns
low dimensional data into higher dimensional data to help the algorithm find the optimum
hyperplane. SVM is a technique that is particularly well suited for binary classification
problems with high dimensional datasets [40].

Gaussian Process
GP is a supervised probabilistic classification model, in which test predictions are
expressed as class probabilities. To achieve a probabilistic classification, GP applies a prior
probability distribution on a latent function, which is then squished via a link function [41].
The latent function is used to simplify model construction. However, the value of this function
itself is not observable or relevant. Thus, it’s often referred as nuisance function and will be
eliminated during prediction. For binary classification, GP employs the logistic link function.

Neural Network
NN tries to mimic the learning process of biological brain, where it is made up of
numerous complexed of linked “neurons” that work together to solve problem [42]. The
neuron employed in the NN model is based on a non-linear function that produces an output
depending on one or more inputs. Like synapses in a real brain, each neuron has the ability to
send a signal (a real number) to other neurons. Each neuron has an associated weight, which
can increase or decrease the strength of the input signal passing this neuron based on relative
importance to the other neurons. NN is typically made of multiple layers of neurons, in which
the final layer produces a single classification result.

The classification pipeline includes all five classifiers in order to compare their result.
These analyses are conducted using R statistical programming language. The following
machine learning packages are used in this study: SLR – glmnet; RF- randomForest, SVM –
kernlab, GP – kernlab, NN – neuralnet. Hyperparameters tuning of each algorithm are done
automatically using AutoTuner function from mlr3 package only to the training dataset. Here
is the list of hyperparameters that are tuned:
•

SLR – Family = binomial; alpha tuned in the range of 0 – 1.

•

RF – ntree tuned in the range of 200 – 1000; mtry = √𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠.
Page | 75

•

GP – Kernel = rbfdot; kernel spread (sigma) tuned in the range of 10−2 - 107 .

•

SVM – Kernel = rbfdot; C tuned in the range of 2−2 - 22 ; kernel spread between 10−2102 .

•

NN – hidden tuned between 1 to 5.

After the training process is finished inside the cross-validation, the final model is then
applied to the testing set. However, this step was only applied to studies with a large dataset
like the pancreatic cancer study using FAIMS (section 5.2), the colorectal cancer study using
GC-IMS (section 5.5) and the faecal VOC IBD study using GC-IMS (section 6.5). Studies
with small datasets took the result from the cross-validation as the final result. The
performance of the models as the final result is represented by sensitivity, specificity, positive
predictive value (PPV), negative predictive value (NPV), p-value, Receiver Operating
Characteristic (ROC) curve and Area Under the ROC curve (AUC). The details explanation
of these metrics is explained in the next section.

4.3.7. Performance Metrics and ROC Curve
The final results are derived from the probabilities generated by the classifiers and
averaged across all tests to provide performance metrics. The performance metrics are
constituted based on a confusion matrix, as shown in Figure 4.17 [43].

Positive

Negative

Positive

True positive
(TP)

False negative
(FN)

Negative

Actual

Predicted

False positive
(FP)

True negative
(TN)

Figure 4.17. Confusion Matrix
From the confusion matrix, the following information will be provided:
•

True Positive (TP): The algorithm’s predicted a positive result that matches the
positive result for the patient.
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•

False Negative (FN): The algorithm is incorrectly classified the disease sample as not
positive/control patient.

•

True Negative (TN): The algorithm’s predicted a negative result that matches a nonpositive patient.

•

False Positive (FP): The algorithm is incorrectly classified a negative patient as a
positive patient.

Once the confusion matrix had been constructed, the performance of the classification
algorithms was compared using parameters such as sensitivity, specificity, PPV, NPV, pvalue, ROC Curve, and AUC . These parameters are determined as follows:

𝑇𝑃
𝑇𝑃 + 𝐹𝑁
𝑇𝑁
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁 + 𝐹𝑃
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

•

𝑇𝑃
𝑇𝑃 + 𝐹𝑃
𝑇𝑁
𝑁𝑃𝑉 =
𝑇𝑁 + 𝐹𝑁
𝑃𝑃𝑉 =

Sensitivity (true positive rate) is the likelihood that a test will identify a positive patient
as a patient with the disease.

•

Specificity (true negative rate) is defined as the likelihood that individuals who are not
positive will be classified as such.

•

Positive Predictive Value (PPV) indicates the likelihood that a positive patient will
present when the test is positive.

•

Negative Predictive Value (NPV) indicates the likelihood that a negative patient will not
present when the test is negative.

The calculation of the p-value during classification may be used to determine if the null
hypothesis, i.e., that there are no differences between groups, is correct or not. A p-value of
less than 0.05 has traditionally been regarded as an acceptable threshold for rejecting the null
hypothesis [44]. This means that the presence of a low p-value suggests that an alternative null
hypothesis is more likely to be correct. This may demonstrate that the chosen features can be
used to differentiate between the groups to some extent.

Since the raw output from classification model is represented in probability, sensitivity
and specificity are often not enough to measure the result. Ideally, the performance of a
diagnostic test should be evaluated over the whole range of possible cut points. Hence,
Receiver Operating Characteristic (ROC) curves are used in this pipeline to enable us to
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clearly see the performance of the model prediction across all possible decision thresholds. In
a ROC curve, the sensitivity is plotted as a function of 1-specificity in which each point
corresponds to a pair of sensitivity and specificity values associated with a particular decision
threshold [45]. The area under the ROC curve (AUC) is a useful method to assess the overall
diagnostic accuracy of a test. The AUC value ranges from 0 to 1, with 0 representing a
perfectly incorrect test, 0.5 representing the randomness (no discriminatory power), and 1
representing an accurate test. Typically, an AUC value of 0.7 or above indicates adequate
separation, as illustrated in Figure 4.18 [46]. A 95% Confidence Interval (95% CI) is also used
inside the brackets along with the AUC value. This shows the lower- and upper-range of the
likelihood of the true model AUC value.

(a)

(b)
AUC = 1.0
AUC = 0.87

AUC = 0.5

Figure 4.18. Example of ROC Curve with no, Good, and Perfect Separation Represented by
Red, Black, and Green Line Respectively

4.3.8. Significant Feature
As mentioned in chapter 3, GC-IMS has the capability of identifying the chemical
compounds correspond to the VOC signal peak in the data by matching the retention time and
drift time of the peak to a NIST library. For GC-IMS, this library is embedded into the
GCxIMS library search software (v1.0.1, G.A.S., Dortmund, Germany). Though this GCxIMS
library search is not seen to be as sophisticated as the GC-MS library, it still has 83,000
compounds listed in the database [47]. When a retention time and drift time data of potential
VOC signal peak is searched using the GCxIMS library search software, a list of possible
matching compounds will be shown. This ability is important for biomarker discovery.

Page | 78

To achieve that, the selected features used for training the classification model are
plotted back onto the pre-processed GC-IMS output. It is noticed that the selected feature
datapoints ‘cluster’ around specific VOC peaks on the output plot when the classification
models performed well (AUC of around 0.7 or higher). On the other hand, the features are
scattered throughout the output plot when the models have poor performance, as shown in
Figure 4.19. The white circle indicates the location of the features. Using this information,
enable us to identify the VOC peaks of interest which help in biomarker discovery.

(a)

(b)

Figure 4.19. Selecting Features are Plotted Back onto the GC-IMS Output: (a) Excellent
Separation AUC = 0.91; (b) Poor Separation AUC = 0.52.

4.4. Conclusion
In conclusion, the data analysis pipeline used in this study consist of pre-processing,
data splitting, cross-validation, feature selection, classification, and model performance
calculations. The pre-processing step is different for each instrument as every instrument has
a different data characteristic. The data splitting is also different between studies in which the
data from studies with smaller datasets was only divided into training and test sets, whilst the
data from studies with large datasets was divided into three set, i.e., training, validation, and
test set. Among all instruments, GC-TOF-MS and GC-IMS offer the capability of chemical
identification through matching the data to a NIST library. Throughout this thesis, the
techniques outlined in this chapter have been implemented, and they will be referred to in the
corresponding method section in chapters 5 and 6. New clinical trials examining the urinary,
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faecal, and breath VOC of patients with pancreatic cancer, colorectal cancer, and
inflammatory bowel disease are described in the following two chapters (chapters 5 and 6),
using the methods and instruments described in chapter 3 and this chapter.
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Chapter 5
APPLICATION ON CANCER DETECTION
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5.1. Introduction
Cancer is currently a major public health problem globally with around 10 million
cancer deaths worldwide in 2020 [1]. This trend is likely to continue, with the latest projections
suggesting that annual cancer-related deaths will increase to 13 million by 2030 [1]. Thus, the
burden of cancer will continue to exert tremendous physical, emotional, and financial strain
on individuals, families, communities, and healthcare systems. Colorectal cancer and
pancreatic cancer are the 2nd and 7th leading cause of cancer death worldwide (around
935.173 and 466.003 death, respectively) [1].

The most frequent pancreatic malignant tumour is pancreatic ductal adenocarcinoma
(PDAC). PDAC represents around 85% of all reported pancreatic cancer cases [2]. It
stubbornly resists our attempts to successfully target with current therapies, which are
reflected in patient 5-year survival rates at below 8% [3]. This exceptionally poor prognosis
is largely due to late diagnosis. However, if the disease is detected when the cancer is at an
early stage (< 2 cm diameter) and still confined to the pancreas, the survival rate can increase,
potentially up to 75% [4,5]. Current pancreatic cancer diagnostic techniques rely on imaging
(e.g. CT and MRI), endoscopy ultrasonography and biopsy for grading tumour histology [6].
Unfortunately, these techniques are not very effective at detecting tumours that are smaller
than 2 cm in diameter [7].

Colorectal cancer (CRC) is one of the three malignancies with the highest incidence in
the industrialised world, with a 5-year survival rate of 64.4% and 66.6% for colon and rectum
cancer, respectively [8]. The majority of CRC originates from dysplastic adenomatous polyps,
so-called advanced adenomas (AA) [9]. Early detection and removal of these precancerous
polyps are essential for the improvement of CRC course and prognosis [10]. The
immunochemical faecal occult blood test (iFOBT) is currently used for population-based
screening but lacks sensitivity, indicated by the missed diagnosis of CRC in 1-47% and AA
in 43-61% of the tests [11]. In addition, specificity is suboptimal, as approximately 7% of the
performed tests provide false positive results leading to the performance of unneeded
colonoscopies. This emphasises the need for improvement of CRC/AA bowel screening tools.

This chapter describes work on new clinical studies investigating the potential of
urinary and faecal VOC as a non-invasive biomarker to detect PDAC and CRC. This chapter
consists of four studies. The first study describes the potential of urine VOC analysis for
PDAC detection using FAIMS. Then, a follow-up study is discussed using GC-IMS and GCPage | 86

TOF-MS to understand more about the chemical biomarker in the urine that contributes to the
separation of the previous study. The third and fourth studies are focused on colorectal cancer.
It begins with the initial study using FAIMS and GC-IMS to detect CRC and adenoma from
the VOC that is generated from the urine within the United Kingdom Bowel Cancer Screening
Program (UK BCSP). The latter study discusses the use of faecal VOC analysis to detect CRC
and adenoma from healthy controls using GC-IMS. It also describes the potential of faecal
VOC analysis for secondary non-invasive follow-up after polypectomy. Finally, the result and
comparison of these studies are then discussed separately based on cancer type, which is
around the different instruments and different biological types used.

5.2. Non-invasive Diagnosis of pancreatic cancer through detection of
volatile organic compounds in urine

The content of this section is based on a paper that has been published in peer-reviewed
journals:
Arasaradnam, Ramesh P., Alfian Wicaksono, Harrison O’Brien, Hemant M. Kocher, James
A. Covington, and Tatjana Crnogorac-Jurcevic. 2018. “Noninvasive Diagnosis of Pancreatic
Cancer Through Detection of Volatile Organic Compounds in Urine.” Gastroenterology 154
(3): 485-487.e1. https://doi.org/10.1053/j.gastro.2017.09.054.

5.2.1. Methods
In this work, urinary VOC was analysed using a commercial field asymmetric ion
mobility spectroscopy instrument (FAIMS) (Lonestar, Owlstone, Cambridge, UK), which is
fitted with an ATLAS (Owlstone) sampling system. It is highly sensitive (detecting ions up to
parts per billion) and based on distinguishing different ions based on its physical properties,
specifically its mobility; it does not identify per se the specific volatile organic compounds.
The working principle of FAIMS has been described in Chapter 3. Patient information is
summarised in Table 5.1. This information was provided by the clinical team.
Table 5.1. Demographic Information of All Study Participants
Healthy Control (n = 81)

Pancreatic Cancer (n = 81)

Age (mean ± SD)

51.4 ± 10.6

64.3 ± 23.7

Male sex (%)

30.9

53.1
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Stage (n)*
I

NA

4

IIA

NA

5

IIB

NA

35

III

NA

24

IV

NA

12

NA, not applicable; SD, standard deviation. *One case could not be assessed

The PDAC patients were divided into 4 stages based on the AJCC TNM staging system
(American Joint Committee on Cancer) (Tumor Nodes Metastasised): (i) Stage I, cancer has
not spread to nearby lymph nodes or to distant sites (limited to the pancreas) and the size of it
is less than 2 cm (Stage IA) or greater than 2 cm but no more than 4 cm (Stage IB); (ii) Stage
II, the size of cancer is bigger than 4 cm and is either limited to the pancreas (Stage IIA) or it
has spread to no more than 3 nearby lymph nodes (Stage IIB) and it has not spread to distant
sites; (iii) Stage III, the cancer has spread to 4 or more nearby lymph nodes, but has not
metastasised to distant sites; (iv) Stage IV, the cancer has spread to distant organs [12]. Based
on this staging system, we grouped them into two, early-stage disease which includes stage I
and II, and late-stage disease which includes stage III and IV. The healthy control group in
this study consist of patients who did not have any cancer or problem in their pancreas but
may have other disease.
The samples were frozen at –80℃ within 4 hours of collection and 5-mL aliquots were
transported on dry ice from Barts Cancer Institute to the School of Engineering at the
University of Warwick. The samples were thawed overnight at 4℃ in a laboratory fridge. The
vial with the urine was placed in the ATLAS sampling system for 10 minutes at 40℃ to
maximise volatile organic compound chemical release. After 10 minutes, clean dry air is
pushed over the surface of the urine and into the Lonestar. The flow rate over the sample was
500 mL/min with an additional 1500 mL/min of makeup air (to make 2 L/min) pushed into
the Lonestar. Each sample was tested in triplicate. The machine was set with a dispersion field
of 0% to 100% in 51 steps and –6 V to +6 V compensation voltage in 512 steps, with both
positive and negative fields applied to the samples. This created a dataset of 52,224 points per
sample, with each sample taking <60 seconds to capture.
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Data Analysis
There were three classification tasks performed in this study: PDAC vs Healthy Control,
Early-stage PDAC vs Healthy Control, and Early-stage PDAC vs Late-stage PDAC. These
classification tasks were processed using our FAIMS data analysis pipeline which has been
described in chapter 4. Using this pipeline, 44 statistically important features were used to
predict the result of the test set (discussed in chapter 4). Four different classifiers were used
for prediction: sparse logistic regression (SLR), random forest (RF), gaussian process (GP)
classifier and support vector machine (SVM). Furthermore, the data was split into a training
and validation set of 100 samples and a test set of 62 samples. The classifiers were trained and
validated on the 100 samples and then the trained models were tested to the 62 unknown
samples to get an unbiased measure of accuracy. Of note, previous studies from our research
team have determined that age, diet, smoking, and sex are not confounders and no correction
to the analyses was required [13,14,15].

5.2.2. Result
PDAC urine samples were detected with a sensitivity of 0.91 (95% confidence interval
[CI], 0.83-0.96) and specificity of 0.83 (95% CI, 0.73-0.90), with an area under the curve
(AUC) of 0.92 (95% CI, 0.88-0.96), using a SVM algorithm (Figure 5.1A). The results were
validated by random data splitting into the training and test set achieving similar results with
AUC of 0.92 (95% CI, 0.85-0.98), and sensitivity and specificity of 0.90 (95% CI, 0.74-0.98)
and 0.81 (95% CI, 0.63-0.93), respectively. We also compared early-stage disease (I/II) with
healthy individuals as well as early-stage disease with late-stage disease using the same
analysis pipeline (Figure 5.1B, C). The best result (using SVM) is shown in Table 5.2, and the
complete result can be found in Appendix Table 5.1a-c.
Table 5.2. Statistical Analysis of FAIMS Data Using SVM
Statistical

All PDAC vs

All PDAC vs

Early-stage PDAC

Early-stage PDAC

parameter

Healthy Control

Healthy Control

vs Healthy Control

vs Late-stage

(All data set)

(Testing data set)

AUC

0.92 (0.88 – 0.96)

0.92 (0.85 – 0.98)

0.88 (0.79 – 0.97)

0.92 (0.86 – 0.97)

Sensitivity

0.91

0.90

0.84

0.82

Specificity

0.83

0.81

0.94

0.89

PPV

0.84

0.82

0.95

0.90

NPV

0.91

p-value

1.76 x 10

0.89
-20

2.41 x 10

PDAC

0.81
-10

1.18 x 10

0.80
-8

4.35 x 10-13
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Figure 5.1. (A) Receiver operating characteristic curve showing performance of volatile
organic compounds in differentiating healthy individuals from PDAC with an AUC of 0.92
(95% CI, 0.88-0.96), sensitivity of 0.91 (95% CI, 0.83-0.96), and specificity of 0.83 (95% CI,
0.73-0.90). (B) Healthy individuals from early stage I/II with an AUC of 0.89 (95% CI, 0.830.94), a sensitivity of 0.91 (95% CI, 0.78-0.97), and a specificity of 0.78 (95% CI, 0.69-0.86).
(C) Early stage PDAC (I/II) could also be successfully separated from advanced stage PDAC
(III/IV) with an AUC of 0.92 (95% CI, 0.86-0.97), sensitivity of 0.82 (95% CI, 0.67-0.92),
and specificity of 0.89 (95% CI, 0.75-0.97).

5.3. Volatile Organic Compounds (VOCs) for the noninvasive detection
of pancreatic cancer from urine
The above section investigated urinary VOCs using a Lonestar FAIMS (field
asymmetric ion mobility spectrometry) instrument (Owlstone Medical, Cambridge, UK),
which showed good discriminatory performance between PDAC and healthy control samples
[26]. However, this instrument is unable to identify any specific biomarkers and the Lonestar
unit is operated manually, testing one sample at a time, making its use more challenging in a
clinical setting. To further explore this concept and, with a focus on identifying specific
biomarkers of the disease, a second study was undertaken using more traditional a gas analysis
approach and a second IMS instrument that may be more appropriate for use in a clinical
setting.
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The content of this section is based on a paper that has been published in peer-reviewed
journals:
Daulton, Emma, Alfian N. Wicaksono, Akira Tiele, Hemant M. Kocher, Silvana Debernardi,
Tatjana Crnogorac-Jurcevic, and James A. Covington. 2021. “Volatile Organic Compounds
(VOCs) for the Noninvasive Detection of Pancreatic Cancer from Urine.” Talanta 221 (August
2020): 121604. https://doi.org/10.1016/j.talanta.2020.121604.

5.3.1. Methods
As with the first study, urine samples were obtained from Barts Pancreas Tissue Bank,
after patient consent and with ethical approval (reference number 13/SC/0593). All samples
were stored at -80°C according to standard operating procedures compliant with tissue bank
requirements under Human Tissue Act 2004. This study included patients with PDAC, chronic
pancreatitis (CP) and healthy controls. Chronic pancreatitis is an inflammation of the pancreas
and is a condition that is associated with an increased risk of developing pancreatic cancer
[17]. This diagnostic group was included in the study to evaluate whether urinary analysis
could be used to distinguish such patients at risk from the healthy and PDAC groups. The
healthy controls group consist of patients who did not have any cancer or diease in their
pancreas but may have other disease. In total, 123 urine samples were analysed: 33 healthy,
45 CP and 45 PDAC. The basic demographic information for the subject cohorts is
summarised in Table 5.3.

Table 5.3. Demographics of Sample Groups and Cancer Stage
Group

Gender (Male:

Av. age (range) years

Number of subjects (Stage S x Number)

Female)
PDAC

22M:23F

64.1 +/- 10.7 (29-77)

45 (SI x 1; SII x 21; SIII x 20; SIV x 3)

CP

28M:17F

52.9 +/- 12.2 (21-78)

45 (not applicable)

Healthy

15:M:18F

49.9 +/- 7.8 (30-66)

33 (not applicable)

The urine samples were analysed using two analytical methods: gas chromatography –
ion mobility spectrometry (GC-IMS) and gas chromatography time-of-flight mass
spectrometry (GC-TOF-MS). The working principle of both instruments has been described
in Chapter 3. The GC-IMS system used was a G.A.S. GC-IMS (Dortmund, Germany) and was
fitted with a 30 m, 0.32 mm inner diameter (ID) SE-54 column (CS Chromatographie Service,
Langerwehe, Germany). For GC-IMS measurements, we have developed a standard method
for testing urine samples, where we have optimised the sample temperature, method
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temperatures and flow rates to maximise information content and improve reproducibility.
The urine samples were shipped on dry ice to the University of Warwick and were stored at 20°C. Prior to analysis, the samples were thawed for four hours at room temperature. 5 ml
samples of urine were aliquoted into 20 ml glass vials and sealed with a crimp cap and septa.
Once sealed, the samples were agitated and heated to 40°C for 10 minutes. For sampling, a
sterile needle, attached to the heated sample inlet of the GC-IMS, was inserted into the sample
headspace, through the septa. The GC-IMS instrument sampled 2 ml of the headspace for
analysis. The sampling and analysis were performed using the following settings: GC flow
rate = 20 ml/min, drift tube flow rate = 150 ml/min, IMS temperature = 45°C, GC temperature
(fixed) = 45°C, Sample loop = 45°C and inlet injector = 45°C. The analysis time for each
sample was 8 minutes. For quality control, all flow rates, method temperatures and RIP
(reactant ion peak) magnitude and location were checked for each sample, to be within unit
tolerances. Furthermore, the output obtained from each sample was visually checked to ensure
that they contained the expected level of information. Finally, air blanks were run either side
of a test batch of samples (20 samples) to ensure that there was no machine drift.

GC-TOF-MS works in a similar way to traditional GC-MS methods, but instead of
filtering ions by mass, the TOF utilises ‘time of flight’ and analyses all ions present. The GCTOF-MS system consists of a TRACE 1300 GC (Thermo Fisher Scientific, Loughborough,
UK), combined with a BenchTOF-HD TOF-MS (Markes Intl., Llantrisant, UK). The GC
column used was a 20 m, 0.18 mm ID, Rxi-624Sil MS column (Thames Restek, Saunderton,
UK). This system also includes a high-throughput autosampler and a thermal desorption unit,
ULTRA-xr and UNITY-xr, respectively (both from Markes Intl.). For GC-TOF-MS analysis,
urine samples were defrosted the same way with sample for GC-IMS analysis, with 10 ml of
sample aliquoted into a 20 ml glass vial, which were then sealed with a specially adapted septa
and crimp cap. A thermal desorption (TD) sorbent tube (C2-AXXX-5149, Markes Intl.,
Llantrisant, UK) was placed through the septa and into the headspace above the urine sample.
The vial and sorbent tube were then placed into a heater block and heated to 40℃ for 1 hour.
Once completed, the tube was removed from the top of the vial and placed into the autosampler
for analysis. The ULTRA-xr was set to run with a stand-by split of 150°C with an overlap
(this allows the auto-sampler to reduce the overall run time), a GC run-time of 30 minutes,
and a minimum carrier pressure of 5 psi. For each sample there is a pre-purge of 1 minute.
The tube was desorbed for 10 minutes at 250°C, with the trap purge time set to 1 minute, and
the trap cooled to -30°C. The trap was then purged for 3 minutes at a temperature of 300°C.
The GC-TOF-MS method measured masses from 45 to 500 atu (atomic mass units). The
transfer line and ion source are both heated to 250°C, with an ionisation voltage of -70.000V.
The GC oven was heated to 280°C for 25 minutes. Upon completion of the GC-TOF-MS runPage | 92

time, peaks were identified using NIST list 2016. For quality control, the machine was
calibrated in line with the manufacturer’s recommendation. The method used was developed
using healthy control urine samples from a previous study, where parameters were optimised
to maximise separation and chemical content.

Data Analysis
There were four classification analysis performed in this study for each instrument.
They were PDAC vs All (CP and Healthy Control), PDAC vs CP, PDAC vs Healthy Control,
and CP vs Healthy Control. The data analysis of both GC-IMS and GC-TOF-MS have been
described in chapter 4. Using this pipeline, unique features are selected and used for training
three different classifiers, specifically random forest (RF), Gaussian process (GP), and sparse
logistic regression (SLR). We have previously used these successfully in a range of medical
VOC studies [18,19,20]. From GC-TOF-MS data analysis, we are also able to identify which
features/chemicals hold discriminatory information.

5.3.2. Results
Three different analyses were undertaken to compare PDAC, healthy and CP groups.
GC-IMS analysis indicated that there were differences between the three groups. The three
classifiers resulted in very similar data, with the best results shown in Table 5.4 and the
complete data in appendix Table 5.2a-d. ROC curves are shown in Figure 5.2. ROC for (a)
PDAC vs Healthy and (b) PDAC vs CP using GC-IMS. The results indicate that GC-IMS
(sensitivity 84%, specificity 94%, p-value >0.0001) can separate PDAC from healthy controls.
However, the separation between PDAC and CP group is not as pronounced (sensitivity 51%,
specificity 73%, p-value 0.11), indicating that the same biomarkers are involved in both
conditions.
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Figure 5.2. ROC for (a) PDAC vs Healthy and (b) PDAC vs CP using GC-IMS

Table 5.4. Statistical Analysis of GC-IMS Data (Best Results)
Statistical

PDAC vs All

PDAC vs CP

PDAC vs Healthy

CP vs Healthy

SLR

GP

SLR

GP

0.69 (0.58 – 0.79)

0.58 (0.45 – 0.71)

0.88 (0.79 – 0.97)

0.86 (0.77 – 0.95)

Sensitivity

0.72

0.51

0.84

0.80

Specificity

0.60

0.73

0.94

0.91

PPV

0.52

0.67

0.95

0.91

NPV

0.78

0.58

0.81

parameter
Best classifier
AUC

p-value

4.39 x 10

-4

0.11

1.18 x 10

0.78
-8

9.79 x 10-9

We undertook the same analytical methods for the data analysed by GC-TOF-MS. In
this case, the statistical results are shown in Table 5.5, with the ROC curves in Figure 5.3. The
complete result can be found in Appendix Table 5.3a-d. Here, we were also able to separate
PDAC from healthy controls (sensitivity 72%, specificity 96%, p-value >0.0001). However,
when comparing CP to PDAC (sensitivity 38%, specificity 88%, p-value 0.28), our results did
not show a significant difference.
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Figure 5.3. ROC for (a) PDAC vs Healthy and (b) PDAC vs CP using GC-TOF-MS

Table 5.5. Statistical Analysis of GC-TOF-MS Data (Best Results)
Statistical

PDAC vs All

PDAC vs CP

PDAC vs Healthy

CP vs Healthy

SLR

RF

SLR

RF

0.75 (0.63 – 0.87)

0.55 (0.37 – 0.73)

0.86 (0.75 – 0.97)

0.67 (0.50 – 0.83)

Sensitivity

0.52

0.38

0.72

0.38

Specificity

0.96

0.88

0.96

0.96

PPV

0.96

0.73

0.95

0.89

NPV

0.51

0.62

0.77

0.65

3.11 x 10-4

0.28

1.81 x 10-6

2.75 x 10-2

parameter
Best classifier
AUC

p-value

From the analysis, we were able to identify chemicals that held discriminatory
properties. 15 chemicals for each comparison were identified. From this list, a rank-sum test
of each chemical/feature was undertaken and the top three chemicals for each comparison are
listed in Table 5.6, with the complete set-in appendix Table 5.4. As shown, we have identified
common chemicals from each of the analyses, with 2,6-dimethyl-octane, 2-pentanone,
nonanal and 4-ethyl-1,2-dimethyl-benzene being most frequent.

Table 5.6. Chemicals Used to Separate Sample Groups
PDAC vs CP

PDAC vs Healthy

CP vs Healthy

2-pentanone

2,6-dimethyl-octane

2-pentanone

nonanal

nonanal

benzene, 1-ethenyl-2-methyl-

4-ethyl-1,2-dimethyl-benzene

4-ethyl-1,2-dimethyl-benzene

4-ethyl-1,2-dimethyl-benzene
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5.4. Discussion of Pancreatic Cancer Studies
The first study is a proof-of-concept study that demonstrates for the first time that
urinary VOCs analysis using FAIMS can be used to discriminate healthy individuals from
patients with PDAC. The result from running the analysis to all data sets showed an equal
performance with the result when we split the data into training and test set and only used the
test set to measure the final performance of the model. We are then furthering our investigation
to see the ability of FAIMS to detect PDAC based on cancer’s stages. We found that FAIMS
could discriminate early-stage PDAC from healthy control with high sensitivity and
specificity. In addition, FAIMS could also distinguish late-stage PDAC from early stage
PDAC. These consistent results showed the potential of FAIMS to be an early diagnostic tool
for detecting pancreatic cancer. However, the FAIMS is unable to identify any specific
biomarkers and the Lonestar unit is operated manually, testing one sample at a time, making
its use more challenging in a clinical setting.

Due to the limitation of the FAIMS, we did a follow-up study on urinary VOCs for the
detection of PDAC with a focus on identifying specific biomarkers of the disease using a GCIMS and GC-TOF-MS. According to the latest pancreatic cancer statistics, the prevalence of
PDAC in the screening community is low (2.6% all over the world). However, due to the poor
prognosis of pancreatic cancer, there were almost as many deaths (n=466 003) as there were
cases (n= 495 773) in 2020 [1]. Therefore, the need for an early diagnostic tool which can be
used in high volume samples input with simple sample preparation is crucial to tackle this
problem. Both instruments, GC-IMS and GC-TOF-MS, are equipped with an autosampler,
making it more appropriate to deploy in a clinical setting. In this follow-up study, we also
included CP as it is associated with an increased risk of developing pancreatic cancer [17].
Analysing this will give us an understanding of how the instruments detect the progression of
the disease. When detecting CP from healthy control, only the GC-IMS was able to accurately
separate them, whilst the GC-TOF-MS showed inferior results. Comparing PDAC with CP
for both instruments, the AUCs were around 0.6, showing a modest diagnostic performance.
This limited ability to separate these two groups, could well have impacted the overall
diagnostic performance of PDAC vs all other samples, with both instruments having an AUC
of around 0.7. In statistical results, these variations are likely to be associated with the choice
of column between the two analytical platforms and the sample capture process. The sorbent
tubes used for the GC-TOF-MS analysis capture analytes from C3 (though more likely C4)
and upwards, whilst the GC-IMS is analysing all the chemicals through direct headspace
injection. Another difference between the platforms is that the GC-IMS molecular detection
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depends on the proton affinity of the molecule. However, the overall statistical performance
was similar.

Some of the discriminatory VOCs, identified in this study, have been suggested as
potential biomarkers in breath or stool for other diseases. For example, 2-pentanone has been
found to be associated with several diseases, such as non-alcoholic fatty liver disease [21],
inflammatory bowel disease (ulcerative colitis and Crohn’s disease) [22,23] and lung cancer
[24]. Nonanal is a saturated fatty aldehyde formally arising from the reduction of the carboxy
group of nonanoic acid. It has been observed as a discriminatory VOC for other cancers, such
as ovarian and lung cancer [25,26]. This indicates that some of these compounds might be
more generic markers of inflammation or illness.

In a recent review paper, Bax et al. [27] evaluated and compared cancer biomarker
trends in urine as a new diagnostic pathway. Five studies [28,29,30,31,32] investigating
urinary pancreatic cancer biomarkers were included in the review. The employed technologies
were nuclear magnetic resonance (NMR) spectroscopy and liquid chromatography-tandem
mass spectrometry (GeLC-MS/MS). Napoli et al. utilized NMR spectroscopy to investigate
the urinary VOC profile of PDAC patients (n = 33) in comparison with healthy matched
controls (n = 54), while Radon et al. conducted deeper investigating on different PDAC stages
compared to healthy using GeLC-MS/MS involving 371 urinary specimens (87 HC, 92 CP,
and 192 PDAC) from 18 patients (6 patients for each group) [28,31]. Both achieved a
promising result with sensitivity of 75.8 % and specificity of 90.7% for NMR and specificity
of 89.8% and sensitivity of 76.9% for GeLC-MS/MS when comparing PDAC with healthy
control. When comparing early stage PDAC with healthy control, radon et. al reported an
AUC of 0.93 (95% CI, 0.84–1.00). These results demonstrate similar performance to that of
our investigation, indicating that urine analysis has the potential to be used as an early
detection approach for pancreatic cancer.

To the best of our knowledge, this was the first urinary study to utilise FAIMS, GCIMS and GC-TOF-MS technologies to investigate PDAC, CP and healthy controls. All
instruments were able to separate PDAC from healthy controls with good sensitivity and
specificity, with the FAIMS outperforming the GC-IMS and GC-TOF-MS.
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5.5. Colorectal cancer and adenoma screening using urinary volatile
organic compounds (VOC) detection: early result from a singlescentre bowel screening population (UK BCSP)
The content of this section is based on a paper that has been published in peer-reviewed
journals:
Mozdiak, E., A. N. Wicaksono, J. A. Covington, and R. P. Arasaradnam. 2019. “Colorectal
Cancer and Adenoma Screening Using Urinary Volatile Organic Compound (VOC)
Detection: Early Results from a Single-Centre Bowel Screening Population (UK BCSP).”
Techniques in Coloproctology 23 (4): 343–51. https://doi.org/10.1007/s10151-019-01963-6.

5.5.1. Methods
All enrolled patients were recruited from the Coventry and Warwickshire University
Hospitals between April 2015 and November 2016. Regional ethical approval was granted by
the Warwickshire Research and Development Department and Warwickshire Ethics
Committee 09/H1211/38. Informed consent was obtained from the individual participants that
took part in the study. This study was approved by the bowel cancer screening research
committee only to approach those that had a positive FOBT test.

Patients were recruited from the nurse led BCSP clinics following a positive Faecal
Occult Blood Test (FOBT) result. Consent and urine sample collection were carried out at the
clinic prior to bowel preparation administration. A total of 181 patients were invited to
participate and 163 consented to provide samples for the final analysis. Two 20 ml samples of
urine were collected. Samples were immediately transferred to − 20 °C storage and then to −
80 °C within 24 h for long-term storage. Diagnostic outcome data were collected from the
colonoscopy or computed tomography (CT) colonography result, histology was confirmed
from the pathology report. Healthy control patients were defined as a patient with normal
colonoscopy or CT colonography result in BCSP screening population. In addition, the sample
preparation procedure used in pancreatic cancer study (section 5.2.1.1) was also used for
analysis in this study.

Page | 98

Data analysis
Five classification models were used; each dataset was compared with each model to
find the most accurate for each specific set of samples. The complete description of the FAIMS
and GC-IMS data analysis pipeline can be found in Chapter 4. As CRC numbers were small
within the screening population (incidence of 8–10%), a balancing technique was applied to
the data to fairly match the non-CRC samples with the same number of CRC samples and
avoid bias from an unbalanced healthy control group. Balancing involved the well-described
synthetic minority over-sampling technique (SMOTE), where artificially generated points are
plotted to represent the healthy control group as a whole and is used to provide a more fair
representation [33]. SMOTE has also been described in chapter 4.

5.5.2. Results
FAIMS analysis
A total of 163 samples were analysed. 93 (57%) were males, the median age of patients
was 67 years, 12 (7.4%) were current smokers. 41 (25.4%) were ex-smokers and 109 (67.2%)
had never smoked. Patients were grouped into categories according to diagnosis for analysis.
Diagnostic outcomes for study participants are listed in Table 5.7.
Table 5.7. Diagnostic Outcomes for Study Participants and Distribution of CRC by Site (Total
of 13 Cancer Sites as One Patient Had a Synchronous Tumour)
Diagnosis
Cancer

Adenoma

Number (%)
Total

12 (7.6)

Rectum

4 (2.4)

Sigmoid

4 (2.4)

Descending colon

0

Transverse colon

1 (0.58)

Ascending colon

2 (1.17)

Cecum

2 (1.17)

Total

80 (49.1)

High

17 (10.5)

Intermediate

36 (21.1)

Low

27 (17.5)
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Diverticular disease

14 (8.2)

Healthy control

37 (19.3)

Haemorrhoids

5 (2.9)

Other

14 (8.2)^

Excluded

8 (4.7)*

*1 not fit enough for investigations, 7 declined investigations
^inflammatory bowel disease: n=7, rectal telangiectasia: n=2, rectal ulcer: n=1, radiation proctitis:
n=1, inflammatory pseudo polyp: n=1, non-specific sigmoid inflammation: n=1, ischaemic sigmoid
stricture: n=1

Group (a) CRC vs healthy control demonstrated the highest degree of separation with
AUC 0.98 (95% CI 0.93–1.0) with 12 patients in each group. The corresponding ROC curve
is shown in Figure 5.4a. Sensitivity and specificity were also high: 1.0 (95% CI 0.74–1) and
0.92 (95% 0.62–1), respectively (Table 5.8).

Table 5.8. Classification of BCSP Study Participants by Outcome Using FAIMS
Group

AUC

Sensitivity

Specificity

PPV

NPV

P-value

a) CRC (12) vs normal (12)

0.98 (0.93-1)

1

0.92

0.92

1

2.59 x 10-6

b) CRC + all adenomas (93) vs

0.64 (0.54-0.74)

0.48

0.89

0.92

0.41

6.3 x 10-3

0.62 (0.48-0.76)

0.57

0.68

0.59

0.66

4.38 x 10-2

0.6 (0.47-0.73)

0.47

0.80

0.52

0.76

5.78 x 10-2

0.56 (0.47-0.65)

0.91

0.25

0.64

0.67

9.55 x 10-2

0.61 (0.51-0.71)

0.56

0.68

0.83

0.35

2.57 x 10-2

g) CRC (12) vs Adenoma (7) (hr)

0.92 (0.77-1)

0.83

1

1

0.78

6 x 10-4

h) CRC (12) vs Adenoma (12) (ir)

0.84 (0.67-1)

0.83

0.75

0.77

0.82

1.5 x 10-3

i) CRC (12) vs Adenoma (12) (lr)

0.83 (0.66-1)

0.75

0.92

0.90

0.79

2.26 x 10-3

normal (37)
c) CRC + high risk adenomas
(30) vs normal (37)
d) CRC + high risk adenomas
(30) vs other (70)
e) CRC + all adenomas (93) vs
other (70)
f) Non cancer (113) vs normal
(37)

Using Sparse Logistic Regression and Gaussian Process
Corresponding 95% CIs are stated in brackets. Numbers in brackets in group column denote sample
number
BSCP bowel cancer screening programme, FAIMS field asymmetric waveform ion mobility
spectrometry, CRC Colorectal cancer, hr high risk, ir intermediate risk, lr low risk
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In groups (b–e), CRC was grouped with adenomas and showed only modest AUC,
sensitivity, and specificity results when attempting to classify groups according to diagnosis.
The most accurate classification of the adenoma groups was seen in (b) CRC + all adenomas
vs healthy control; here, sensitivity was low at 0.48 (95% CI 0.38–0.59), but specificity was
high at 0.89 (95% CI 0.75–0.97). In (f), when CRC was excluded, separation was low with a
sensitivity of 0.56 (95% CI 0.46–0.65).

Figure 5.4. ROC curve for (a) classification of CRC vs healthy control in bowel cancer
screening programme (BCSP) patients (balanced) using the sparse logistic regression
classifier using FAIMS and (b) classification of CRC vs healthy control using GC-IMS with
Gaussian process classifier

A further set of analyses were carried out to investigate the classification of the adenoma
groups in more depth and to compare CRC with three categories of adenoma: (g) high risk,
(h) intermediate risk and (i) low risk, according to the BSG guidelines [34], the results are
displayed in Table 5.8. High sensitivity was demonstrated when each adenoma group was
compared with CRC. The most accurate overall classification was seen in CRC vs high-risk
adenoma with a sensitivity of 0.83 (95% CI 0.52–0.98) and specificity of 1 (95% CI 0.59–1).

GC–IMS analysis
One hundred and nine patient samples were analysed using the GC–IMS method. Five
comparator groups were devised according to outcome (Table 5.9).
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Table 5.9. Classification of BCSP Study Participants Using GC-IMS using Gaussian Process
or Support Vector Machine
Group

AUC

Sensitivity

Specificity

PPV

NPV

P-value

a) Cancer (10) vs normal (24)

0.82 (0.67-0.97)

0.80

0.83

0.67

0.91

1.4 x 10-3

0.53 (0.36-0.70)

0.48

0.67

0.58

0.57

6 x 10-4

0.77 (0.60-0.94)

1

0.57

0.5

1

1.05 x 10-2

0.61 (0.49-0.72)

0.71

0.55

0.71

0.55

6.19 x 10-2

0.61 (0.47-0.75)

0.58

0.62

0.78

0.39

2.88 x 10-2

b) Cancer + high risk adenomas
(23) vs normal (24)
c) Cancer (10) vs other (20)
d) Cancer + all adenomas (65) vs
other (42)
e) All adenomas (55) vs normal
(24)

Corresponding 95% CI are in brackets. Study numbers are stated in the group column in brackets
BCSP bowel cancer screening programme, GC-IMS gas chromatography coupled with ion mobility
spectrometry, AUC area under the curve, CRC colorectal cancer, PPV positive predictive value, NPV
negative predictive value

As with the analysis using FAIMS, when comparing CRC vs healthy control (group a),
there was a high degree of separation with a sensitivity of 0.80 (95% CI 0.44–0.97) and
specificity of 0.83 (95% CI 0.63–0.95). The corresponding ROC curve is seen in Figure 5.4b.
CRC vs other diagnoses also had a high sensitivity of 1.0 (95% CI 0.66–1); however,
specificity dropped to 0.57 (95% CI 0.34–0.78). When CRC samples were grouped with
adenomas and compared with other groups (those with any diagnosis other than CRC or
adenoma) the sensitivity dropped to a modest level of 0.71 (95% CI 0.58–0.81) with sensitivity
0.55 (0.39–0.70). Adenomas vs healthy control showed a low level of separation, with a
sensitivity of only 0.58 (95% CI 0.44–0.71) and specificity 0.62 (95% CI 0.41–0.81) (Table
5.9).

5.6. Early detection and follow up of colorectal neoplasia based on faecal
volatile organic compounds
In the above study, we investigate the possibility of urinary VOC analysis as a way to
detect colorectal cancer. We further our investigation to see the possibility of faecal VOC
analysis for colorectal cancer screening as the faecal collection has already been implemented
in the bowel screening program. Several studies have focused on the application of the faecal
volatolome as a biomarker for detection of CRC and AA, with promising results. However,
none of the available studies has included patients with (low risk) adenomas to explore the
specificity of VOC analysis. The aim of this study was to assess the potential of faecal VOC
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as a non-invasive biomarker to detect colonic neoplasia and precursor lesions. In addition, we
aimed to explore its potential for secondary non-invasive follow-up after polypectomy.
The content of this section is based on a paper that has been published in peer-reviewed
journals:
Bosch, S., R. Bot, A. Wicaksono, E. Savelkoul, R. van der Hulst, J. Kuijvenhoven, P. Stokkers,
et al. 2020. “Early Detection and Follow-up of Colorectal Neoplasia Based on Faecal Volatile
Organic Compounds.” Colorectal Disease, 0–1. https://doi.org/10.1111/codi.15009

5.6.1. Method
This multi-centre prospective case-control study was performed between February 2015
and November 2017 at the outpatient clinics of the gastroenterology and hepatology
departments in one tertiary referral hospital (Amsterdam UMC, location VUmc) and two
district hospitals (OLVG West, Amsterdam and Spaarne Gasthuis, Hoofdorp and Haarlem),
all located in the Netherlands. This study was approved on 4 September 2014 by the Medical
Ethical Review Committee (METc) of Amsterdam UMC (2014.404), and by local METcs of
OLVG West and Spaarne Gasthuis. The study protocol conforms to the ethical guidelines of
the 1975 Declaration of Helsinki as reflected in a priori approval by the institution’s human
research committee. Written informed consent was obtained from all participants.
All patients aged ≥ 18 years with a scheduled colonoscopy were asked to participate in
this study, irrespective of the indication for endoscopy. Patients were divided into five
subgroups based on observations during endoscopy, combined with histology reports in cases
where biopsies or polypectomies were performed: (i) CRC, histologically confirmed
carcinoma of the colon or rectum; (ii) AA, according to the European Society of
Gastrointestinal Endoscopy (ESGE), that is, characterised by polyps ≥ 1 cm in diameter, or
with villous histology, or high-grade dysplasia; (iii) large adenoma (LA), adenomas 0.5-1.0
cm in diameter without villous histology or high-grade dysplasia; (iv) small adenoma (SA),
adenomas < 0.5 cm in diameter without villous histology or high-grade dysplasia; (v) healthy
controls, characterised by no abnormalities observed during endoscopy (excluding small anal
fibroma, haemorrhoids and/or diverticula), and in the case of mucosal biopsies on
histopathological abnormalities [35]. Participants were asked to collect a faecal sample
(Stuhlgef€aß 10 ml, Frickenhausen, Germany) prior to bowel preparation, store the sample in
their own freezer at home within 1 h following the bowel movement and bring it to hospital
on the day of their endoscopic assessment. The samples were stored at -24°C directly upon
arrival at the hospital. Participants were asked to complete a questionnaire on the day of
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sample collection, which included age, gender, body mass index (BMI), smoking habit,
comorbidity, and medication use. Exclusion criteria were presence of a known underlying
gastrointestinal disease, incomplete endoscopic assessment for various reasons (e.g.,
inadequate bowel cleansing, pain) and/or inability to collect or store sufficient faecal samples
mass to perform VOC analysis.

Between May and November 2017, patients who underwent a successful polypectomy
during endoscopy were asked to participate in the follow-up part of this study. Participants
were excluded from this group in the case of incomplete removal of polyps. The remaining
polypectomy patients were randomly matched to healthy controls in a 1:1 ratio. All patients
included in the second part of this study were asked to collect a follow-up faecal sample and
complete a second questionnaire (the same procedure as the first sample and questionnaire).
These samples and questionnaires were collected by one of the researchers and the samples
were transported to the hospital on dry ice where they were stored at -24°C upon arrival.

Endoscopy reports and histological outcomes of mucosal biopsies and/or polypectomy
were checked using electronic patient files. These outcomes were used as standard reference
for the localisation and total number of removed adenomas in this study. Endoscopies were
either performed or supervised by a trained gastroenterologist. Histopathological reports were
used as the standard reference for size, differentiation grade (e.g., hyperplasia, dysplasia),
villous histology and type of CRC in this study. Mucosal biopsies were noted as 0.2 cm in
size. The presence of sessile and/or serrated characteristics was noted for all non-AAs. When
multiple polyps were present, classification was based on the most advanced of the largest
lesion.

One frozen subsample of 500 mg per participant as weighted and transferred to a glass
vial (20 ml headspace vial); Thames Restek, Saunderton, UK). Samples were transported to
the University of Warwick (Coventry, UK) for faecal VOC analysis. Gas chromatography-ion
mobility spectrometry (GC-IMS; Flavourspec; G.A.S., Dortmund, Germany) was used to
measure the faecal VOC patterns. The working principle of GC-IMS can be found in Chapter
3. Prior to analysis, the samples were heated to 80°C for 8 min. After this, GC was performed
at 40°C using nitrogen 99.9% (3.5 bar) as the carrier gas and IMS was performed at 45°C
using nitrogen 99.9% as the drift gas. Flow rates were set at 150 ml/min (0.364 kPa) (IMS)
and 20 ml/min (34 175 kPa) for 6 min (GC).
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Data analysis
Using IBM SPSS Statistics (version 22), demographic data of each group were
calculated and compared. One way ANOVA or Kruskall Wallis tests were used to compute
differences in baseline demographics between groups. For the secondary part of this study, ttests, Fisher’s exact test, chi-square and Mann-Whitney U tests were used to compute
differences between groups. GC-IMS data were processed using our data analysis pipeline.
The complete description of the analysis pipeline can be found in Chapter 4. Data were split
into three sets, 70% for training and validation and 30% as a test set. Wilcoxon rank sum test
was used to find the 20, 50 and 100 most discriminatory features and subsequently Sparse
Logistic Regression (SLR), Random Forest (RF), Gaussian Process (GP), Support Vector
Machine (SVM) and Neural Net (NN) classification were used to provide statistical results
(discussed in chapter 4). In the case of small subgroups of interest, undersampling of healthy
controls was performed to avoid skewed analyses.

5.6.2. Results
Baseline characteristics

In total, 1039 patients collected a faecal sample prior to colonoscopy of which samples
from 14 CRC patients, 64 AA, 69 LA and 127 SA were included in this study. 227 healthy
Controls were included as they did not have any mucosal abnormalities during endoscopy.
The baseline demographics of all study participants are depicted in Table 5.10. Age differed
significantly between groups (p<0.001), with the controls displaying the lowest mean age (60
± 11.8) and AA patients the highest (68.8 ± 6.7). Gender differed significantly between healthy
controls, SA, LA, and AA (p<0.0001) but not between healthy control and CRC or any of the
adenoma groups. There were no significant differences in BMI, smoking status and use of
antibiotics between groups.

For the follow-up part of this study, all 32 patients undergoing a complete polypectomy
and 32 healthy controls were included; these groups collected a second faecal sample three
months after endoscopy. The baseline demographics of the follow-up study are given in Table
5.11. There were no significant differences in BMI and smoking status. Gender and age did
differ significantly between groups (p<0.014, p<0.001, respectively). The use of antibiotics
did differ between the polypectomy and healthy control group; however, the ratio of
antibiotics users remained the same during follow-up period of this study (3:1).
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Table 5.10. Demographics of All Study Participants
Colorectal
Cancer
(n=14)
66.6 ± 8.7
6 [42.9]
25.9 ± 5.3
0 [0]

Advanced
adenomas
(n=64)
68.8 ± 6.7
17 [26.3]
27.0 ± 4.1
6 [9.4]

Age (mean, ± s.d.)
Gender, f (n, [%])
BMI* (mean, ± s.d.)
ABx 3 months prior
to inclusion (n, [%])
Smoking Status (n, [%])
Active
2 [14.3]
9 [14.1]
Quit
10 [71.4]
37 [57.8]
Never
2 [14.3]
18 [28.1]
Size largest adenoma 0.7 ± 0.63
1.4 ± 0.64
(mean, ± s.d.)
Localization of Largest adenoma† (n, [%])
Caecum
0 [0]
4 [6.3]
Colon Ascendens
1 [7.1]
8 [12.5]
Flexura Hepatica
1 [7.1]
2 [3.1]
Colon
0 [0]
3 [4.7]
Transversum
Flexura Lienalis
0 [0]
1 [1.6]
Colon Descendens 1 [7.1]
4 [6.3]
Sigmoid
5 [35.7]
30 [46.9]
Rectosigmoid
2 [14.3]
3 [4.7]
Rectum
2 [14.3]
6 [9.4]
Terminal ileum
1 [7.1]
0 [0]
CRC type (n, [%])
Adenocarcinoma
12
NA
Neuroendocrine
2
NA
AA characteristics (largest adenoma) (n, [%])
≥ 10 mm
NA
54 [84.4]
Villous histology
NA
31 [48.4]
HGD
NA
6 [9.4]
Polyp characteristics (largest adenoma) (n, [%])
No dysplasia
NA
1 [1.6]
Hyperplasia
NA
2 [3.1]
LGD
NA
55 [85.9]
Sessile/serrated
NA
NA
Total number adenomas removed (n, [%])
1
6 [42.8]
11 [17.2]
2
1 [7.1]
14 [21.9]
3
3 [21.4]
11 [17.2]
4-5
2 [14.3]
14 [21.9]
6-10
1 [7.1]
13 [20.3]
>10
0 [0]
1 [1.6]

Large
adenomas
(n=69)
68.7 ± 7.2
21 [30.4]
26.6 ± 3.9
3 [4.3]

Small adenomas
(n=127)
63.7 ± 10.0
44 [34.6]
27.3 ± 6.5
21 [16.5]

Healthy
controls
(n=227)
60 ± 11.8
129 [56.8]
26.6 ± 7.0
31 [13.7]

15 [21.7]
36 [52.2]
17 [24.6]
0.7 ± 0.26

23 [18.1]
64 [50.4]
40 [31.5]
0.4 ± 0.32

37 [16.3]
92 [40.5]
98 [43.2]
NA

7 [10.1]
12 [17.4]
0 [0]
15 [21.7]

12 [9.4]
32 [25.2]
1 [0.8]
18 [14.2]

NA
NA
NA
NA

0 [0]
6 [8.7]
19 [27.5]
1 [1.4]
6 [8.7]
0 [0]

1 [0.8]
9 [7.1]
24 [18.9]
4 [3.1]
14 [11.0]
1 [0.8]

NA
NA
NA
NA
NA
NA

NA
NA

NA
NA

NA
NA

NA
NA
NA

NA
NA
NA

NA
NA
NA

9 [13.0]
4 [5.8]
55 [79.7]
8 [11.6]

9 [7.1]
14 [11.0]
100 [78.7]
10 [7.9]

NA
NA
NA
NA

18 [26.1]
20 [29.0]
14 [20.3]
8 [11.6]
9 [13.0]
0 [0]

59 [46.5]
34 [26.8]
14 [11.0]
15 [11.8]
4 [3.2]
0 [0]

NA
NA
NA
NA
NA
NA

ABx, antibiotics; BMI, body mass index; CRC, colorectal cancer; HGD, high-grade dysplasia; LGD,
low-grade dysplasia; NA, not applicable; SD, standard deviation. *Insufficient documentation of 2
colorectal cancers, 6 advanced adenomas, 6 large adenomas, 10 small adenomas and 11 healthy
controls. †1 missing for CRC, 3 missing for AA, 3 missing for LA, 13 missing for SA
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Table 5.11. Demographics of Participants Included in Follow-Up Study
Polypectomy group (n=32)
Age (mean, ±SD)
71.0 ± 5.9
Gender (n females, %)
5 [15.6]
BMI (mean, ±SD)
26.8 ± 4.2
Smoking status (n, %)
Active
6 [18.8]
Quit
18 [56.3]
Never
8 [25.0]
Indication for endoscopic assessment (n, %)
Positive FIT
10 [31.3]
Rectal blood loss
4 [12.5]
Change in bowel habits
2 [6.3]
Surveillance
5 [15.6]
Abdominal Pain
2 [6.3]
Diarrhea
3 [9.4]
Weight Loss
1 [3.1]
Anaemia
0 [0]
Constipation
0 [0]
Family history CRC+
1 [3.1]
Monitoring previous diverticulitis/abscess 0 [0]
Other
4 [12.5]
ABx 3 months prior to inclusion
2 [6.3]
ABx 3 months prior to second sample
1 [3.1]
Size adenoma (mean, ±SD)
1.1 ± 0.5
Localisation of adenoma (n, %)
Caecum
3 [9.4]
Colon Ascendens
6 [18.8]
Flexura Hepatica
0 [0]
Colon Transversum
2 [6.3]
Flexura Lienalis
1 [3.1]
Colon Descendens
2 [6.3]
Sigmoid
11 [34.4]
Rectosigmoid
1 [3.1]
Rectum
4 [12.5]
Ileocecal valve
1 [3.1]
Adenoma characteristics (largest adenoma) (n, [%])
≥ 10 mm
13 [40.6]
Villous histology
9 [28.1]
HGD
0 [0]
No dysplasia
3 [9.4]
Hyperplasia
0 [0]
LGD
29 [90.6]
Sessile/serrated
3 [9.4]
Total number adenomas removed (n, [%])
1
7 [21.9]
2
11 [34.4]
3
7 [21.9]
4-5
3 [9.4]
6-10
4 [12.6]

Healthy controls (n=32)
60.5 ± 11.3
15 [46.9]
26.3 ± 3.4
4 [12.5]
19 [59.4]
9 [28.1]
4 [12.5]
1 [3.1]
3 [9.4]
3 [9.4]
11 [34.4]
1 [3.1]
0 [0]
2 [6.3]
2 [6.3]
8 [25]
2 [6.3]
5 [15.7]
6 [18.8]
3 [9.4]
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA

ABx, antibiotics; BMI, body mass index; CRC, colorectal cancer; FIT, faecal immunochemical test;
HGD, high-grade dysplasia; LGD, low-grade dysplasia; NA, not applicable; SD, standard deviation.
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Table 5.12. Differences Between All Subgroups of Colorectal Neoplasia, Polyps and
Healthy Controls Based on Faecal Volatile Organic Compounds
Comparison

AUC (95% CI)

Sensitivity

Specificity

PPV

NPV

P-value

CRC vs HC

0.96 (0.89 – 1.00)

1.00

1.00

0.89

1.00

<0.001

AA vs HC

0.96 (0.93 - 1.00)

0.97

0.94

0.94

0.97

<0.001

LA vs HC

0.96 (0.92 - 0.99)

0.99

0.91

0.92

0.98

<0.001

SA vs HC

0.96 (0.94 - 0.99)

0.96

0.93

0.93

0.96

<0.001

CRC vs AA

0.54 (0.38 - 0.70)

0.98

0.19

0.83

0.75

0.294

CRC vs LA

0.41 (0.31 - 0.51)

0.06

0.96

0.25

0.81

0.920

CRC vs SA

0.41 (0.38 - 0.45)

1.00

0

0.11

NA

0.965

AA vs LA

0.53 (0.43 - 0.63)

0.75

0.36

0.55

0.58

0.278

AA vs SA

0.58 (0.49 - 0.66)

0.72

0.44

0.40

0.76

0.039

0.98 (0.95 – 1.00)

1.00

0.97

0.97

1.00

<0.001

0.55 (0.40 - 0.69)

0.91

0.25

0.55

0.83

0.256

0.94 (0.88 - 1.00)

0.91

0.91

0.91

0.91

<0.001

0.58 (0.44 - 0.73)

0.94

0.27

0.58

0.80

0.139

T0 HC vs T0 prepolypectomy
T1 HC vs T1 postpolypectomy
T0 vs T1 pre- and
post-polypectomy
T0 vs T1 HC

AA, advanced adenoma; AUC, area under the curve; CI, confidence interval; CRC, colorectal cancer;
LA, large adenoma; LGD, low-grade dysplasia; NPV, negative predictive value; PPV, positive
predictive value; SA, small adenoma; T0, time before polypectomy; T1, 3 months after polypectomy.

Faecal volatile organic compound analysis
The results of VOC analyses by means of GC-IMS are shown in Table 5.12. Results
from the Random Forest classifier based on the 20 most discriminative features are presented.
Data generated based on all five classifiers using the 20, 50 and 100 most discriminative
feature are given in appendix Table 5.5a-c. An example of GC-IMS output from faecal VOC
patient with CRC, AA, and Healthy control is illustrated in Figure 5.5.
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Figure 5.5. An example output of the GC-IMS instrument of the colorectal cancer group
(CRC), advanced adenoma group (AA) and control group. The y-axis represents retention
time from the gas chromatography column, and the x-axis represents drift time through the
ion mobility spectrometer. Volatile organic compound levels in the sample are represented by
colour intensity.

Detection of colorectal cancer, advanced adenomas, and non-advanced adenomas
Based on faecal VOC profiles, the CRC group was discriminated from healthy control
with high diagnostic accuracy (AUC ± 95%CI: 0.96(0.89 – 1) (appendix Table 5.5a-c).
Likewise, high diagnostic accuracy was observed for discrimination of AA, LA and SA when
compared to healthy controls (AA 0.96(0.93 –1); LA 0.96(0.92 – 0.99); SA 0.96(0.94-0.99))
(appendix Table 5.5a-c). There were no significant differences between any of the CRC, AA,
LA, and SA groups based on faecal VOCs (appendix Table 5.5a-c). Receiver operator
characteristic (ROC) curves are constructed in Figure 5.6.
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Figure 5.6. ROC curve for the comparison between colorectal cancer (CRC), advanced
adenoma (AA), large adenoma (LA), small adenoma (SA) and healthy control (HC) (AUC,
area under the curve)

Faecal volatile organic compounds for polypectomy follow-up
Faecal VOC profiles of patients with adenomas differed significantly from those of
healthy controls before polyp removal (AUC ± 95% CI: 0.98 (0.95-1)). Remarkably, there
was no difference between the faecal VOC profiles of patients who underwent a polypectomy
and healthy controls three months after endoscopic intervention (AUC ± 95% CI: 0.55 (0.400.66)). There was a highly significant difference in the profiles of patients with adenomas
before and after polypectomy, whereas no significant differences were present in faecal VOC
profiles of healthy controls before and three months after endoscopy (T0 vs T1 polyps 0.94
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(0.88-1); T0 vs T1 C 0.58 (0.44-0.73)). ROC-curves for the follow-up study are depicted in
Figure 5.7.

Figure 5.7. ROC curves for the polypectomy follow-up (AUC, area under the curve; HC,
healthy control)

5.7. Discussion of Colorectal Cancer Studies
In these studies, we have successfully demonstrated the feasibility of utilising urine and
faecal VOC based test to differentiate CRC from healthy control with high AUC, sensitivity,
and specificity using both FAIMS and GC-IMS. The first study is the first reported research
to demonstrate the application of GC-IMS in CRC detection [36], while the second study is
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the first to show the potential of faecal VOC profiles for polypectomy follow-up [37]. A short
summary of these studies is shown in Table 5.13.

Table 5.13. Summary of Two CRC Studies

Study 1

Original paper’s title (date

Sample Sample size

of published)

type

Colorectal cancer and

Urine

Instrument

CRC = 12

FAIMS and

adenoma screening using

Adenoma = 80

GC-IMS

urinary volatile organic

HC = 37

compound (VOC) detection:

Other Diseases = 33*

early results from a singlecentre bowel screening
population (UK BCSP)
(April 2019)
Study 2

Early detection and follow-

Faecal

CRC = 14

GC-IMS

up of colorectal neoplasia

Adenoma = 260

based on volatile organic

HC = 227

compounds (February 2020)

Polypectomy group = 32

*Inflammatory bowel disease: n = 7, rectal telangiectasia: n = 2, rectal ulcer: n = 1, radiation proctitis:
n = 1, inflammatory pseudo polyp: n = 1, non-specific sigmoid inflammation: n = 1, ischaemic sigmoid
stricture: n = 1, diverticular disease: n = 14, haemorrhoids: n = 5.

Based on the result of both studies, FAIMS and GC-IMS were consistently able to
differentiate individuals with CRC from healthy controls, as summarised in Table 5.14. This
was achieved regardless of sample type. Among these results, the urinary VOC analysis using
GC-IMS performed slightly less accurate with AUC (95% CI) of 0.82 (0.67 – 0.93).
Table 5.14. Summary of Urinary and Faecal VOC Analysis Performance in Detecting CRC
from Healthy Controls
Instrument | Sample Type

FAIMS | Urine

AUC (95% CI)

0.98 (0.93 - 1.00)

Sensitivity

1.00

Specificity

PPV

NPV

0.92

0.92

1.00

p-value

2.59 x 10-6
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GC-IMS | Urine

GC-IMS | Faecal

0.82 (0.67 - 0.93)

0.80

0.83

0.67

0.91

1.4 x 10-3

0.96 (0.89 - 1.00)

1.00

1.00

0.89

1.00

<0.001

Both studies were also investigating the different urinary and faecal VOC of colorectal
cancer, adenoma, and healthy control patients. Study 1 groups adenoma patients based on the
British Society of Gastroenterology (BSG) guidelines into three group: high risk adenoma
(hr), intermediate risk adenoma (ir), and low risk adenoma (lr) [34], whereas study 2 classify
patients with adenoma into three group based on the European Society of Gastrointestinal
Endoscopy (ESGE) guidelines: advanced adenoma (AA), large adenoma (LA), and small
adenoma (SA) [38]. Although both societies have somewhat different criteria for adenoma
classification, both take size, histology, and the number of polyps into account when
classifying adenoma [38].

As demonstrated in Table 5.15, when attempting to distinguish CRC from adenoma,
urinary VOC analysis consistently outperformed faecal VOC analysis. With an AUC of
around 0.5, the faecal VOC pattern produced by GC-IMS shows little to no difference between
CRC and adenoma. The same results were obtained when AA vs SA and AA vs LA faecal
VOCs were compared. On the contrary, faecal VOC analysis surpassed urinary VOC analysis
in discriminating adenoma from healthy control as shown in Table 5.16.

Table 5.15. Summary of CRC vs Adenoma
AUC (95% CI)

Sensitivity

Specificity

PPV

NPV

p-value

CRC vs Adenoma (hr)

0.92 (0.77-1)

0.83

1

1

0.78

6 x 10-4

CRC vs Adenoma (ir)

0.84 (0.67-1)

0.83

0.75

0.77

0.82

1.5 x 10-3

CRC vs Adenoma (lr)

0.83 (0.66-1)

0.75

0.92

0.90

0.79

2.26 x 10-3

CRC vs AA

0.54 (0.38 - 0.70)

0.98

0.19

0.83

0.75

0.294

CRC vs LA

0.41 (0.31 - 0.51)

0.06

0.96

0.25

0.81

0.920

Study 1 (FAIMS | Urine)

Study 2 (GC-IMS | Stool)

Page | 113

CRC vs SA

0.41 (0.38 - 0.45)

1.00

0

0.11

NA

0.965

AA vs LA

0.53 (0.43 - 0.63)

0.75

0.36

0.55

0.58

0.278

AA vs SA

0.58 (0.49 - 0.66)

0.719

0.444

0.40

0.76

0.039

Few studies have demonstrated the potential to discriminate CRC and AA from healthy
controls based on faecal VOC analysis [39,40,41,42,43]. The current study outcomes are in
line with this literature. However, reliable comparison with other studies is restricted due to
the small number of included subjects, lack of knowledge on VOC profiles of AA and nonAA, and the use of different techniques and sampling protocols. Four previous studies have
focused on detection of CRC using the analytical platform gas chromatography - mass
spectrometry (GC-MS), which is considered the gold standard for the detection of specific
metabolites [40,41,42,43]. In the most recent publication, a group of adenomatous polyp
patients (n=56) was included in addition to CRC (n=21) and no neoplasia as healthy control
(n=60). Multiple differences in metabolite levels were found. The highest diagnostic accuracy
was found for the combination of Propan-2-ol and 3-methylbutanioc acid discriminating CRC
samples from polyps and healthy controls (AUC 0.82). These differences specifically
provided discrimination between CRC patients and other groups, whereas in the current study,
VOC profiles differed between CRC and adenoma groups compared to healthy controls.
Possible explanations for this are the differences in faecal VOC analysis technique, and in
inclusion criteria per subgroup. In the publication by Bond et. al., polyp characteristics are not
reported, which hampers reliable comparison to our study groups. All other studies using GCMS reported relatively small groups of subjects, ranging from n=9-26 CRC and n=10-60
healthy controls. There were interesting similarities in study outcomes (e.g., increased levels
of amino acids and short-chain fatty acids and decreased levels of polyhydric alcohols and bile
acid), although, none of these metabolite levels were consequently altered. In one previous
publication, VOC profiles of 40 CRC, 60 AA and 57 endoscopy controlled healthy controls
were compared using pattern-recognition (eNose, Cyranose 320 ®) [39]. Based on faecal
VOC patterns, CRC and AA were discriminated from healthy controls with sensitivity of 85%
and 62%, and specificity of 87% and 86%, respectively. These test characteristics were below
the characteristics found in the current study, however, using the Cyranose 320®, subgroups
of CRC and AA were discriminated with moderate accuracy (sensitivity 75% and specificity
73%). A possibility for this apparent discrepancy is the number of CRC patients included in
the study by de Meij et al. [39], increasing the power to find differences between groups.
Another possibility is the instrumental difference between the Cyranose 320® and the GCIMS system. The Cyranose 320® uses an array of nanocomposite sensors, whereas the GCPage | 114

IMS system is using drift time. Although GC-IMS is more sensitive and repeatable, it cannot
measure molecules with low proton affinities. If differentiation between CRC and AA was
based on these types of molecules, they could not have been detected in the current study.

Table 5.16. Summary of Adenoma vs Healthy Control
AUC (95% CI)

Sensitivity

Specificity

PPV NPV

p-value

0.61 (0.47-0.75)

0.58

0.62

0.78

0.39 2.88 x 10-2

AA vs HC

0.96 (0.93 – 1.00)

0.97

0.94

0.94

0.97

<0.001

LA vs HC

0.96 (0.92 - 0.99)

0.99

0.91

0.92

0.98

<0.001

SA vs HC

0.96 (0.94 - 0.99)

0.96

0.93

0.93

0.96

<0.001

Study 1 (GC-IMS | Urine)
All adenoma vs HC
Study 2 (GC-IMS | Stool)

As mentioned in chapter 2, there are currently only 5 other studies investigating the
urinary VOC for CRC detection, and none of them have included the comparison between
adenoma vs healthy control. Hence, To the best of our knowledge this is the first study to
specifically examine adenoma detection by urinary VOCs. In study 1, applying GC-IMS
instrument to differentiate the adenoma group from healthy controls showed poor separation
(see Table 5.16). Previous studies have reported advanced adenoma detection using breath
VOCs [44,45] demonstrated more encouraging results (sensitivity 1.0). Our finding from
study 2 in examining stool VOC for detecting AA, LA, and SA from HC were also provide
promising result with AUC, sensitivity, and specificity were above 92% in all comparison.
These conflicting results suggest that there is more work needed to establish the mechanism
of Urinary VOC signature changes in the presence of colonic adenomas and other
gastrointestinal disorders. This is vital as adenomas represent a pre-malignant process with
adenoma detection intrinsically linked to CRC mortality [46,47,48].

In study 2, we also investigate the possibility of faecal VOC profile as an alternative
noninvasive follow-up testing method after polypectomy. No previous studies have been
performed on the potential of faecal VOC profiles for polypectomy follow-up. Surveillance
of patients after polypectomy using FIT has been the subject of a previous study comparing
stool haemoglobin levels with colonoscopy outcomes [49]. A total of 5225 participants
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completed a first FIT one year after polypectomy, demonstrating sensitivity and specificity
values of 27.6% and 94.1% at 40 μg/g, and 51.7% and 86.2% at 10 μg/g for CRC, respectively.
For AA, sensitivity and specificity values were 17.0% and 95.1% for 40 μg/g and 33.0% and
88.0% for 10 μg/g, respectively. Replacing colonoscopy with FIT would reduce colonoscopies
by 71% but would lead to 30-40% missed CRC cases and 40-70% missed AA cases. Observed
discriminative accuracies for CRC and AA detection based on faecal VOC analysis exceed
these reported accuracies [11,50]. In addition, accuracy to distinguish patients with adenomas
from healthy control was high prior to polypectomy, whereas intra-individual profiles changed
to physiological state three months following polypectomy, indicating the potential of faecal
VOCs as a biomarker for timing of polyp follow-up, and tight control in high-risk populations
(e.g., Lynch syndrome).

Alterations in urinary and faecal VOC patterns represent metabolic shifts that may be
explained by various mechanisms (e.g., alterations in dietary intake, microbial dysbiosis,
inflammatory processes, cancer degeneration). In a recent study, metabolic waste was
retrieved from benign cells, colon cancer cells and breast cancer cells that were grown in vitro.
It was observed that dogs were able to differentiate cancer cells from benign cells, but not the
cell waste of breast from colon cancer, implying that both cancers phenotypes seem to share
a common smell print [51]. This may also apply to different phenotypes of adenomas;
adenoma and eventually CRC degeneration are possibly based on a shared (metabolic)
pathway, explaining the similarities in VOC patterns observed in the current stool study. Apart
from excretion of metabolic end-products, our findings may be explained by the presence of
intestinal dysbiosis. Faecal microbiota have an important function in protection against
invading pathogens and strong evidence exists for the association between microbial dysbiosis
and polyp-associated tissue and colonic neoplasia [52]. Causality remains unclear; it is
unknown whether this phenomenon is triggered or maintained by carcinogenesis. Intriguingly,
in the present studies it was found that faecal VOC profiles of patients three months after
polypectomy were altered to normalcy following this intervention, suggesting that the alleged
faecal microbial dysbiosis returns to a physiological state after polyp removal.

A limitation of these studies was the small sample size for the CRC group, but this
reflects the nature of the screening population with low CRC detection rates of around 8%.
Machine learning algorithms that were used to analyse both sets of date always risk the
possibility of overfitting of the data. This was minimised using a cross-validation technique,
using two different technologies, different collection protocols, and two different sample
types.
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5.8. Conclusion
In conclusion, our result indicates that both PDAC and CRC could be detected by
analysing the human waste’s VOC of patients. In the first two studies, we investigated the use
of urinary headspace volatiles to identify patients suffering from PDAC. Urinary headspace
was analysed by FAIMS, GC-IMS and GC-TOF-MS, with all instruments showing potential
in separating PDAC from healthy controls. FAIMS showed the best overall performance when
detecting PDAC from healthy patients. However, due to the limitation in automation sampling
of FAIMS, this instrument is less desirable to be used in clinical settings compared with other
devices. When comparing PDAC from CP, GC-IMS and GC-TOF-MS showed only small
differences, indicating that there is commonality between the VOCs produced by both
conditions. This is supported by the high sensitivity of CP vs healthy controls. Chemical
identification suggests that 2,6-dimethyl-octane, nonanal, 4-ethyl-1,2-dimethyl-benzene and
2-pentanone play at important role is separating the data. Further work is needed to validate
these biomarkers in a larger study. However, we believe this approach might hold a potential
as a completely non-invasive, detection tool for pancreatic cancer.

The third and fourth studies results shows that the detection of CRC though urinary and
faecal VOC is feasible. CRC can be correctly classified from healthy control using both
FAIMS and GC-IMS instruments. Only urinary VOC analysis was able to provide a clear
separation between patient with CRC from adenoma. On the other hand, faecal VOC analysis
showed better separation capability in discriminate adenoma patients among healthy controls
compared with urinary VOC analysis. Additionally, intra-individual faecal VOC profiles of
patients with adenomas altered towards a physiological state following polypectomy,
emphasising its potential for intra-individual follow-up and timing of endoscopy.
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Chapter 6
APPLICATION ON INFLAMMATORY
BOWEL DISEASE DETECTION
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6.1. Introduction
Inflammatory bowel disease (IBD) is a chronic condition of unknown aetiology,
characterized by periods of relapse and remission. It comprises of two conditions, specifically
Crohn’s disease (CD) and ulcerative colitis (UC) [1]. Both conditions involve inflammation
of the gut and are particularly unpleasant. While UC only affects the colon (large intestine),
CD can affect any part of the digestive system from the mouth to the anus [2]. IBD is a
common condition in the Western world, affecting over 250,000 people in the UK and 28
million worldwide [3]. A worldwide increase in incidence and prevalence of IBD has also
been observed. In the UK, a prevalence of 142 IBD cases per 10.000 patients has been reported
[4]. IBD also presents in childhood in approximately 25% of de novo cases and its incidence
has increased over the past decades to ten per 100,000 children [5,6]. The estimated annual
cost of treatment, per patient, is approx. €30,000 with an average of 20% loss of working
productivity [1,7]. This is due to the relapsing nature of the disease where there may be times
when the symptoms are severe (flare-ups), followed by long periods when there are few or no
symptoms at all (remission). Common symptoms include diarrhoea, cramping pains in the
abdomen, vomiting, weight-loss and fatigue [8]. In addition to this, IBD has a damaging
impact on psychosocial functioning, quality of life, and significant personal cost of delayed
treatment [9]. A study from 2014, conducted in the UK, revealed that 10% of IBD patients are
initially misdiagnosed with other gastrointestinal conditions, such as irritable bowel syndrome
(IBS), and that 3% of misdiagnosed cases persisted for five or more years [10]. Misdiagnosis
can have serious consequences for the patient; especially for those with CD, since delays are
correlated with an increased risk of later bowel stenosis and CD-related intestinal surgery [10].
Early diagnosis of IBD remains a clinical challenge, with current tests being invasive and
costly. Diagnostic tools for CD and UC include a thorough history, endoscopic investigations
with histological examination, faecal inflammatory markers, capsule endoscopy and imaging
[11]. Colonoscopy with histology is considered the “gold standard” to diagnose IBD [12]. This
procedure is uncomfortable for the patient, often involves multiple biopsies, is expensive for
the health service provider (such as the NHS) and has an associated morbidity. Currently,
Faecal calprotectin (FCP) is the most commonly used non-invasive biomarker to detect IBD,
which is characterized by a high sensitivity for mucosal inflammation (0.98; 95% confidence
interval [CI], 0.95-0.99) but limited specificity (0.68; 95% CI, 0.50-0.86) [13]. Due to this low
specificity, FCP often leads to false-positive results, resulting in unnecessary colonoscopies
procedure.

Volatile organic compounds (VOCs) have emerged as a promising alternative. It has
shown potential to serve as a diagnostic biomarker for a broad range of gastrointestinal
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disease, in particular those linked to microbial dysbiosis, for example, Clostridium difficile
infection, IBD, colorectal cancer and necrotizing enterocolitis [14,15,16,17]. VOCs are
gaseous carbon-bound chemicals and are thought to represent both metabolic processes in the
human body and the interaction between gut microbiota and hosts [18]. These molecular endproducts can be found in all bodily excretion dependent on their volatility and sample
temperature. Alteration in cellular metabolic processes (e.g. in disease state, microbiome
metabolism, and microbiota-host interaction) are reflected by changes in the emitted VOC
composition [19]. The most common sources of VOC that are used to diagnose diseases are
urine, faecal and breath.

The potential of faecal, urinary and breath VOC profiles as non-invasive biomarkers
has been described for various gastrointestinal diseases. Faecal VOC that are largely produced
during bacterial fermentation in the gut, reflect microbial composition, function, and
microbiota-host interaction [20]. Many studies of this VOC have demonstrated to allow for
differentiation of a variety of diseases, including colorectal carcinoma and celiac disease
[21,22]. However, collection of faeces has been described to evoke feelings of embarrassment
and concerns about hygiene by patients [23]. In most countries, collection of urine samples is
considered as more user friendly and, therefore, less of a burden for patients [24]. Furthermore,
urine can be more easily provided on demand in situations where fast analysis is required to
accelerate the diagnostic process. Yet, among all of these VOC sources, exhaled breath testing
provides the easiest and the most convenient way for patients to collect the sample. It is known
that human breath consists of over 3000 VOCs [25], which are products of host metabolic
activity, and in some cases, specific biomarkers associated with a disease [26,27,28,29].
Previous studies have shown the potential of exhaled breath VOC to identify various diseases,
such as cancer and diabetes [30,31]. However, exhaled breath analysis suffers from sample
instability and the need of comprehensive analytical methods.

This chapter describes new clinical studies investigating the potential of faecal, urinary,
and breath VOC analysis as a non-invasive way to diagnose IBD from healthy control patients.
This chapter consists of four studies. The first study described the use of FAIMS in
investigating the faecal VOC in differentiating between paediatric IBD from irritable bowel
syndrome. Then, the potential of exhaled breath sample testing to detect IBD using E-nose
and GC-IMS is described in the second study. The urinary and the faecal VOC assessment are
also compared in the third study using GC-IMS. The last study talks about the potential of
faecal VOC analysis to monitor the IBD activity in patients. Finally, the result and comparison
of these studies are then discussed.
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6.2. Differentiation Between Paediatric Irritable Bowel Syndrome and
Inflammatory Bowel Disease Based on Faecal Scent (Study 1)
The content of this section is based on a paper that has been published in peer-reviewed
journals:
Bosch, Sofie, Nora van Gaal, Roy P. Zuurbier, James A. Covington, Alfian N. Wicaksono,
Maarten H. Biezeveld, Marc A. Benninga, Chris J. Mulder, Nanne K.H. de Boer, and Tim G.J.
de Meij. 2018. “Differentiation between Paediatric Irritable Bowel Syndrome and
Inflammatory Bowel Disease Based on Faecal Scent: Proof of Principle Study.” Inflammatory
Bowel Diseases 24 (11): 2468–75. https://doi.org/10.1093/IBD/IZY151.

6.2.1. Methods
This case-control study was performed at the outpatient clinics of the paediatric
(gastroenterology) department of 2 tertiary centres, VU University Medical Center and Emma
Children’s Hospital, Academic Medical Centre (AMC), and 1 general hospital, OLVG Oost
(all centres located in Amsterdam, the Netherlands). This study was performed between
December 2013 and December 2016. This study was approved by the Medical Ethical Review
Committee (METc) of the VU University Medical Centre under file number 2015.393 and by
the local medical ethical committees of the other 2 participating centres. Written informed
consent was obtained from all parents, and from the child in case of age over 12 years. The
study Participants consists of three subgroups which were defined as
IBS and FAP-NOS
Children aged 4 to 17 years visiting the outpatient clinic in 1 of the 3 hospitals between
August 2016 and December 2016 and fulfilling the ROME IV criteria for Irritable Bowel
Syndrome (IBD) or Functional Abdominal Pain-Not Otherwise Specified (FAP-NOS) were
eligible to participate [32]. During clinical appointments, patients were asked to participate in
this study. Patients, for whom informed consent was obtained, were provided a stool container
and a questionnaire on abdominal symptoms and defecation pattern, including consistency of
stool using the Bristol stool chart, medication use, and medical history. Exclusion criteria were
the use of anti-/probiotics or immunosuppressive therapy 3 months before inclusion,
immunocompromised disease (i.e., leukaemia, human immunodeficiency virus), diagnosis of
a gastrointestinal disease, proven infectious colitis in the month before presentation
(determined by positive stool culture for Salmonella spp., Shigella spp., Yersinia spp.,
Campylobacter spp., Clostridium spp. Toxins, or parasites in stools), and a history of
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gastrointestinal surgery (except appendectomy). From all IBS and FAP-NOS patients included
in this study, faecal calprotectin levels were assessed to exclude IBD.
Inflammatory Bowel Disease (IBD)
Participants aged 4 to 17 years were extracted from an existing cohort consisting of de
novo treatment naïve paediatric IBD patients (59 Crohn’s disease [CD], 40 ulcerative colitis
[UC]), included at the VU University medical centre and the Emma Children’s Hospital
(AMC) between December 2013 and October 2015 for study of diagnostic faecal biomarkers.
All participants were instructed to collect a faecal sample before bowel cleaning,
ileocolonoscopy, and esophagogastroduodenoscopy. The diagnosis of IBD was made
according to the revised diagnostic Porto-criteria for paediatric IBD, including endoscopic,
histologic, and radiologic findings by means of magnetic resonance enteroclysis (MRE) [33].
Localization and behaviour of disease were classified according to the Paris classification
[34]. Clinical activity was determined at study inclusion based on the Physician Global
Assessment (PGA score), levels of faecal calprotectin (FCP >250 ug/g was considered active
disease), and C reactive protein (CRP). Exclusion criteria were similar to the IBS/FAP-NOS
group, except for exclusion when diagnosed with IBD.
Healthy Controls (HC)
Children aged 4 to 17 years attending elementary and high schools in the province
North-Holland, the Netherlands, were instructed to collect a faecal sample. Similar to the
IBS/FAP-NOS group, all participants completed a questionnaire containing similar items.
Exclusion criteria were functional gastrointestinal disorders according to the ROME IV
criteria, diagnosis with a gastrointestinal or immunocompromised disease, history of
gastrointestinal surgery (except appendectomy), or the use of pro- or antibiotics 3 months
before inclusion.
Matching Procedure
A total of 15 IBD/FAP-NOS patients (9 IBS, 6 FAP-NOS) were strictly matched to 15
UC, 15 CD and 30 health controls (HCs), based on age and sex. For this, the following
procedure was performed. First, from the 99 IBD patients (59 CD, 40 UC) of the existing
cohort, all of the eligible subjects were strictly matched to IBS/FAP-NOS patients. Then, IBD
patients were randomly included form the matched group in a 1:1:1 ratio (IBS/FAP-NOS to
UC to CD). After this, 30 HCs recruited for this study were matched to the IBS/FAP-NOS
group in a 2:1 ratio.
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Sample Collection and Analysis
Patients were instructed to collect a fresh faecal sample in a stool container (Stuhlgefäß
10 mL, Frickenhausen, Germany) and store the sample in the refrigerator at home directly
after bowel movement. The samples were transported to the hospital by 1 of the researchers,
using cool elements and a cool bag. Here, samples were directly stored at -20°C until further
handling.

Faecal volatile organic compounds analysis was performed using FAIMS (Lonestar,
Owlstone, Ltd.), according to the protocol described in an earlier study by Bomers et al. [35].
In short, faecal samples were thawed to room temperature 10 minutes before VOC analysis.
A mixture of 0.5 g faecal sample and 3.5 mL tap water was manually shaken to homogenize
the sample. Compressed air (0.1 MPa) was used as carrier gas to transfer the sample headspace
into the FAIMS device. The Lonestar was set up in a pressurized configuration with a flow
rate of 2 L/ min. The temperatures were set at 35°C for the sample holder, 70°C for the lid,
and 100°C for the filter region. After the procedure, the air in the Lonestar was refreshed by
analysing the headspace of 10 mL tap water [36]. The dispersion field passed through 51 equal
settings between 0% and 100% (in the ratio of high electric field to low electric field). The
compensation voltage was set between +6V and –6V in 512 steps for each dispersion field
[35]. Each faecal sample was analysed 3 times sequentially, producing 3 matrices in 540
seconds. For the statistical analysis, only the third matrix was used for optimal diagnostic
potential [37].
Data Analysis
The demographic data of each group (IBS/FAP-NOS, UC, CD, and HC) were compared
using the Kruskal-Wallis H test with addition of the Wilcoxon rank-sum test for continuous
data. The Fisher exact test was performed for dichotomous data using IBM SPSS, version 22.
The FAIMS data were processed using our data analysis pipeline which has been described in
detail in Chapter 4. using this pipeline, 44 statistically important features were used. Four
classification algorithms were applied, Sparse logistic regression (SLR), random forest (RF),
Gaussian process (GP), and support vector machine (SVM).

6.2.2. Results
Baseline characteristics and disease specifics of the study subjects are displayed in
Table 6.1. There were no significant differences in age, sex, and BMI between the IBS/FAPNOS, IBD, and HC subgroups. Levels of FCP were below 250ug/g in the IBS/FAP-NOS
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group, with the exception of 1 patient (476 ug/g), in whom it normalized after repeating the
measurement, whereas the IBD group had a median FCP level (interquartile range [IQR]) of
1237 (580–1885) ug/g. At study inclusion, the majority of IBS/FAP-NOS patients had
experienced abdominal symptoms for more than a year, with frequencies varying from once a
week to daily. All of the children in the HC group were asymptomatic. Faecal frequency was
higher in the IBS/ FAP-NOS group compared with the HC group, although this was not
significant. In addition, no differences in faecal consistency based on the Bristol Stool Chart
and way of delivery were found between IBS/FAP-NOS and HC.
Table 6.1. Baseline Characteristics
Crohn’s Disease

Ulcerative

IBS/FAP-NOS

(n=15)

Colitis (n=15)

(n = 15 [9/6])

Age, years (median, IQR,

12.8 (5.0) (5.9 –

11.8 (7.8) (3.2 –

12.9 (8.4) (4.4-

12.7 (8.1) (4.1 –

minimum-maximum)

17.9)

17.8)

18.1)

17.9)

Male sex (n, %)

9 (60)

8 (53)

8 (53)

15 (50)

(25.3)𝑎

(36.2)𝑎

(0.6)𝑎

Healthy (n=30)

1.4 (0.3)𝑎 (0.5 –

Storage time, month (median,

31.7

IQR, minimum – maximum)

(8.2 – 54.5)

(15.0 – 59.4)

- 2.9)

4.5)

BMI (median, IQR)

NA

NA

16.7 (5)

17.0 (3)

Type 2

NA

NA

2 (14)𝑏

4 (14)𝑏

Type 3

NA

NA

5 (36)

19 (66)

Type 4

NA

NA

4 (29)

5 (17)

Type 5

NA

NA

3 (21)

1 (3)

2 times/wk or less

NA

NA

2 (14)𝑏

1 (4)𝑏

3-6 times/wk

NA

NA

1 (7)

9 (33)

Once/d

NA

NA

5 (36)

14 (44)

2-3 times/d

NA

NA

5 (36)

4 (15)

4 times/d or more

NA

NA

1 (7)

1 (4)

Cesarean section (n, %)

NA

NA

3 (23)𝑐

2 (7)𝑏

Natural (n, %)

NA

NA

10 (77)

27 (93)

45.1

0.6

(0.2

Bristol stool chart (n, %)

Stool frequency (n, %)

Way of delivery

Frequency of symptoms (IBS/FAP) (n, %)
None

NA

NA

0 (0)

30 (100)

Once/wk

NA

NA

4 (27)

0 (0)

2 to 4 times/wk

NA

NA

10 (66)

0 (0)

Every day

NA

NA

1 (7)

0 (0)

>1y

0 (0)b

1 (7)

10 (67)

NA

2 to 12 mo

11 (73)

7 (47)

3 (20)

NA

≤ 2 mo

3 (13)

7 (47)

2 (13)

NA

Duration of symptoms (n, %)
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Physician Global Assessment
Quiescent

1

0

NA

NA

Mild

0

3

NA

NA

Moderate

5

5

NA

NA

Severe

9

7

NA

NA

Feacal calprotectin, µg/g

1214 (627 –

1260 (401 –

22 (4.8 – 133)

NA

(median, IQR)

1860)

1950)

21 (7-68)

4 (<2.5 – 7)

NA

NA

Ileal (L1)

0

NA

NA

NA

Colonic (L2)

6

NA

NA

NA

Ileocolonic (L3)

9

NA

NA

NA

5

NA

NA

NA

B1 (NSNP)

11

NA

NA

NA

B1p (NSNP+p)

2

NA

NA

NA

B2 (S)

0

NA

NA

NA

B2p (S + p)

0

NA

NA

NA

B3 (P)

0

NA

NA

NA

2

NA

NA

NA

Proctitis (E1)

NA

3

NA

NA

Left-sided (E2)

NA

2

NA

NA

Extensive (E3)

NA

10

NA

NA

CRP, mg/L (median, IQR)
Crohn’s disease

localization𝑑

Proximal disease (L4)
Crohn’s disease behaviour

𝑑

B3p (P + p)
Ulcerative

colitisd

All values were obtained at study inclusion. Localization of IBD was obtained by ileocolonoscopy and
esophagogastroduodenoscopy before treatment initiation and MR enteroclysis
Abbreviations: NA, not applicable; NSNP, nonstricturing nonpenetrating; S, stricturing; P,
penetrating; p, perianal disease
𝑎

Significant differences between all subgroups (P < 0.001), analysed using Wilcoxon rank-sum
tests.

𝑏

Missing data from 1 subject.

𝑐

Missing data 2 subjects.

𝑑

Based on Paris classification for inflammatory bowel disease

IBS/FAP-NOS vs IBD
The results of the VOC analysis by the FAIMS technique are shown in Table 6.2. For
each analysis, the best performing of the 4 different applied classification models is shown. A
complete overview of the data generated by the 4 classification models is given in Appendix
Tables 6.1a-d. Faecal VOCs of IBS/FAP-NOS patients differed from IBD patients (AUC,
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0.94; 95% CI, 0.88–1; 1, 0.87, 0.79, 1, 0.00000002613; sensitivity, specificity, PPV, NPV, P
value, respectively). Corresponding receiver operating characteristic (ROC) curves are shown
in Figure 6.1. An overview of the complete outcome of the 4 performed classifiers is displayed
in Appendix Tables 6.1a and 6.1b. In addition, there were significant differences between the
VOC profiles of IBS/FAP-NOS patients and both UC and CD subgroups (Table 6.2; Appendix
Tables 6.1a-d). A complete overview of the data generated by the 4 classification models is
given in Appendix Tables 6.1a-d.

Table 6.2. Performance Characteristics for the Discrimination of IBS/FAP-NOS, IBD, and
HC by Faecal VOC Analysis
AUC (95% CI)

Sensitivity

Specificity

PPV

NPV

P-value

IBS/FAP-NOS vs IBD

0.94 (0.88-1)

1

0.87

0.79

1

0.00000002613

IBS/FAP-NOS vs CD

0.87 (0.73-1)

0.93

0.82

0.83

0.92

0.0001617

IBS/FAP-NOS vs UC

0.96 (0.91-1)

1

0.8

0.83

1

0.000007501

IBS/FAP-NOS vs HC

0.59 (0.41 -0.77)

0.6

0.63

0.45

0.76

0.1667

IBS vs FAP-NOS

0.76 (0.44-1)

1

0.6

0.83

1

0.9504

IBD vs HC

0.96 (0.93-1)

0.93

0.97

0.97

0.94

0.0000000003982

UC vs HC

0.98 (0.94-1)

0.93

0.97

0.93

0.97

0.0000000005654

CD vs HC

0.95 (0.88-1)

0.93

0.93

0.88

0.97

0.0000001636

CD vs UC

0.67 (0.47 -0.88)

0.6

0.8

0.75

0.67

0.05799

Sensitivity, specificity, P-values, and AUCs are reported for the respective optimum cut-points
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Figure 6.1. ROC for IBS/FAP-NOS vs IBD, UC, and CD and IBD vs HC. AUC are reported
for the SLR analysis.

IBS/FAP-NOS vs HC
Children diagnosed with IBS/FAP could not be discriminated from HCs (AUC, 0.59;
95% CI, 0.41–0.77; P = 0.6, 0.63, 0.45, 0.76, 0.1667, sensitivity, specificity, PPV, NPV,
respectively) (Table 6.2, Figure 6.1; Appendix Tables 6.1a-d).

IBD vs HC
Patients with IBD could be distinguished from HCs (AUC, 0.96; 95% CI, 0.9–1; P =
0.93, 0.97, 0.97, 0.94, 0.0000000003962, sensitivity, specificity, PPV, NVP, respectively)
(Table 6.2, Figure 6.1; Appendix Tables 6.1a-d). Both IBD subtypes UC and CD could each
be differentiated from HCs (Table 6.2; Appendix Tables 6.1a-d). Differentiation between CD
and UC was not possible based on faecal VOC profiles (AUC, 0.67; 95% CI, 0.47–0.88; P =
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0.6, 0.8, 0.75, 0.67, 0.05799, sensitivity, specificity, PPV, NPV, respectively) (Table 6.2;
Appendix Tables 6.1a-d).

IBS vs FAP
Patient with IBS could not be discriminated from patients with FAP-NOS (AUC, 0.76;
95% CI, 0.44–1; P = 1, 0.6, 0.83, 1, 0.9504, sensitivity, specificity, PPV, NPV, respectively)
(Table 6.2; Appendix Tables 6.1a-d).

Duration of Sample Storage
Duration of storage of the collected faecal samples did not differ between IBS/FAPNOS and HCs. IBD samples were stored for a significantly longer period compared with both
other subgroups (medium in months: CD, 31.7; UC, 45.1; IBS/FAP, 0.6; HC, 1.4; P < 0.001).

6.3. Breath Analysis Using E-nose and Ion Mobility Technology to
Diagnose Inflammatory Bowel Disease – a Pilot Study (Study 2)
The content of this section is based on a paper that has been published in peer-reviewed
journals:
Tiele, Akira, Alfian Wicaksono, Jiten Kansara, Ramesh P. Arasaradnam, and James A.
Covington. 2019. “Breath Analysis Using E-nose and Ion Mobility Technology to Diagnose
Inflammatory

Bowel

Disease

—

A

Pilot

Study.”

Biosensors

9

(2):

2019.

https://doi.org/10.3390/bios9020055.

6.3.1. Methods
Subjects
A total of 39 subjects were recruited for this pilot study, as part of the larger ‘Famished’
study. Ethical approval was obtained from the Warwickshire research ethics committee (IRAS
ref: 18717). 30 patients had a histologically confirmed IBD (14 CD, 16 UC), as well as 9
healthy control volunteers. IBD patients were recruited from dedicated IBD clinics at
University Hospitals Coventry and Warwickshire (UHCW), UK. Details of medication and
disease activity were recorded and simple colitis activity index (SCAI) for UC and Harvey
Bradshaw index (HBI) for CD were calculated at the time of recruitment. Healthy controls
were volunteers who did not report any overt gastrointestinal symptoms and were not on
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routine oral medication or recovering from any recent illnesses. An overview of the
demographic data of IBD patients and healthy controls is shown in Table 6.3. The mean age
of the IBD cohort was 49.7 years (standard deviation 17.5) and there were 18 males and 12
females.

As shown in Table 6.3, inflammation parameters such as CRP and FCP were recorded
for the IBD cohort. FCP is a good indicator of inflammation in the bowel [38]. FCP levels
between CD and UC patients have been shown to differ by over 55 ug/g (higher in those with
UC) [39]. In our IBD cohort, mean FCP between CD and UC patients differ by almost 300
ug/g. Mean scores of 117 and 414 ug/g, respectively, indicate that the CD group is in remission
and the UC group has active disease. A box plot of FCP scores for CD and UC are shown in
Figure 6.2.

Table 6.3. Demographic data of IBD patients and healthy controls
Parameter

Crohn’s Disease (n=14)

Ulcerative Colitis (n=16)

Healthy (n=9)

Age (mean, SD)

46.1 (15.0)

52.8 (19.4)

30.9 (11.5)

Gender ration M:F

7:7

11:5

4:5

Smoking habits

1 active smoker 7 ex-smokers

1 active smoker 8 ex-smokers

4 ex-smokers

Alcohol, units/week

4.3 (10.0)

8.1 (10.4)

3.7 (4.9)

BMI (mean, SD)

26.1 (8.0)

27.3 (4.9)

27.5 (9.0)

Medication

5-ASA1:8 AZA2: 4 Anti-

5-ASA1: 13 AZA2: 3 Anti-

NSAID5: 1

TNFa3: 6 PPI4: 4 Salbutamol

TNFa3: 3 PPI4: 2 inhaled

COCP6: 1

inhaled: 1 Inhaled steroid: 2

steroid: 1

4.5 (0-29; 4.8)

1.5 (0-6; 2.25)

NA

Ileal disease: 2 Colonic: 3

Pancolitis: 7 Proctitis: 4

NA

Ileo-colonic: 9

Quiescent: 1 Distal colitis: 3

(mean, SD)

HBI/SCAI score (mean,
range, SD)
Disease extent

Right-sided: 1
CRP, mg/L (mean, SD)

7.8 (15.2) 1 unknown

5.3 (4.0) 1 unknown

NA

FCP, ug/g (mean, SD)

116.9 (112.8) 3 unknown

414.1 (315.5) 7 unknown

NA

NA, not applicable; SD, standard deviation; FCP, Faecal calprotectin; CRP, C reactive protein; HBI,
Harvey Bradshaw index; SCAI, simple colitis activity index
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Figure 6.2. CD and UC boxplots for FCP scores
Electronic Nose (E-nose)
Warwick OLFaction (WOLF) was the E-nose system used in this section of work. The
working principle of E-nose has been described in Chapter 3. Since the WOLF E-nose was
designed and developed in-house, there is a high level of freedom allowing the instrument to
be tailored to specific applications. A custom sample injection system was developed for this
study, to enhance the capabilities of the WOLF E-nose to analyse breath samples.

Alveolar breath samples, for WOLF E-nose analysis, were collected using a
commercially available breath sampling device, known as the Bio-VOC (Markes Int.,
Llantrisant, UK). Alveolar breath refers to the last portion (350 mL) of exhaled breath,
expelled from within the lungs and the lower-airways, which have undergone gaseous
exchange with the blood in the alveoli [40]. A healthy adult expires approximately 500 mL air
with each breath, of which the first 150 mL consist of dead-space air (no transfer of oxygen)
from the upper-air ways and nasopharynx [41]. Subjects were asked to perform a single slow
vital capacity breath into a Bio-VOC unit, in order to trap the last 129 mL of exhaled breath
[42]. Subjects were supplied with a disposable carboard mouthpiece, and the Bio-VOC was
cleaned thoroughly using antibacterial, alcohol-free sanitary wipes after every sample.
Collected breath samples were injected into the WOLF E-nose inlet port using a custom linearactuator injection system. The injection system was manufactured using 5 mm acrylic sheets
to support a 12 V, 200 mm linear actuator motor (JS-TGZ, Jianshun, Shenzhen, China). The
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Bio-VOC was secured into the structure, as shown in Figure 6.3. Thereafter, the plunger was
compressed automatically, at a constant rate, over a 30s injection period.

Figure 6.3. WOLF E-nose and custom Bio-VOC injection system

Gas Chromatography—Ion Mobility Spectrometry (GC-IMS)
A more recent, alternative approach to E-nose has been the use of portable GC-IMS
analysers, which have demonstrated capabilities in medical diagnostics [43]. The BreathSpec
GC-IMS (G.A.S., Dortmund, Germany) is a commercially available instrument that was used
in this project. The working principle of GC-IMS has been described in Chapter 3. The
BreathSpec is equipped with a SE54 mid-range polarity column. The IMS uses a drift tube
where the time taken for molecules to traverse the tube against a buffer gas (in this case
nitrogen) is measured. This buffer gas is generated using a Nitrostation 50LC (Leman
Instruments, Geneva, Switzerland) with 99.999% purity. The gas slows down the ions
resulting in larger ions being slowed more than smaller ones. Ions are then collected on the
detector (Faraday plate), to deliver a time dependent signal that corresponds with ion mobility
[44]. This technique can measure substances in the low parts-per-billion (ppb) range and
delivers measurement results in less than 10 min.

The Bio-VOC was not required for G.A.S. BreathSpec GC-IMS analysis. Subjects were
provided with a disposable plastic mouthpiece, which pushes into the mouthpiece
holder/sample inlet and connects directly to the side-panel of the instrument. This sampling
procedure also collects end-tidal breath, since only the last four seconds of exhaled breath are
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collected for analysis [45]. The G.A.S. BreathSpec GC-IMS instrument is shown in Figure
6.4.

a)

c)

b)

d)

Figure 6.4. G.A.S Breathspec GC-IMS: (a) Plastic disposal mouthpiece; (b) mouthpiece
holder; (c) GC-IMS instrument; (d) Nitrogen generator

Data Analysis
Both the WOLF E-nose and G.A.S. BreathSpec GC-IMS data were analysed using our
standard pipeline which has been explained previously in Chapter 4. Class predictions and
sensitivity/specificity calculations were performed using five classification algorithms,
specifically: support vector machine (SVM), sparse logistic regression (SLR), Gaussian
process, neural network (NN), and random forest (RF). To identify unknown compounds that
contribute significantly to the classification analysis, GC-IMS files were loaded into the
GCxIMS software and VOC identification is performed by simply clicking on the region of
interest. The software then refers to the NIST database to generate a list of likely compound
matches. A retention time range is provided, to indicate whether the suggested compound
matches the expected retention time on the topographic map. Compounds with a close match
in retention time and chemical structure were chosen as the identified compound.
Quality Assurance and Control
For quality assurance, the position and quality of the reactive ion peak (RIP) on the GCIMS was regularly checked for signs of contamination. The RIP refers to the constant peak in
the spectrum, which results from the carrier gas being always present in the measurement
process. Moreover, samples were collected in the same setting, by the same operator,
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throughout the entire study. This is an important factor to ensure consistent sampling
procedures since the collection process is manually triggered by the operator, while the subject
exhales through the mouthpiece. Furthermore, the GC-IMS instrument was normalised using
a standard ketone mix (2-butanone, 2-pentanone, 2- hexanone, 2-heptanone, 2-octanone and
2-nonanone), to match the GC-IMS Library Search software with the equipped column. For
WOLF E-nose calibration, the headspace gas from several chemical standards were tested
(ketones, esters, alcohols, alkanes, and aromatics). These experiments revealed various
relationships between sensor responses and concentrations. Furthermore, testing the different
compounds individually produced responses from different sets of sensors, which confirms a
degree of selectivity [46]. In addition to this, quality control procedures were implemented.
This involved collecting regular room air samples to monitor changes in ambient air and
identify possible exogenous VOCs, i.e., compounds which do not originate from within the
body.
Confounding Factors
In a recent study, Blanchet et al. [47] explored factors that influence the VOC content
in human breath and stated that any application of exhaled air for diagnostics should consider
possible confounders. For this IBD study, the following confounders were considered: body
mass index (BMI), smoking habits and gender. BMI categories include: underweight (<18.5
kg/m2), normal weight (18.5–24.9 kg/m2), overweight (25.0–29.9 kg/m2) and obese (>30.0
kg/m2) [48]. To simplify the analysis, underweight and normal weight were combined into a
single category, as well as overweight and obese. Smokers can be broadly defined as
individuals who have smoked at least 100 cigarettes in their lifetime [49]. Thus, never smokers
are defined as adults who have never smoked or have smoked less than 100 cigarettes in their
lifetime. These definitions were used to categorize smokers and non-smokers. Gender groups
were divided into male and female—this factor is of particular importance, since it was not
possible to attain a gender balanced UC group during recruitment. The confounding factor
groups are shown in Table 6.4, with roughly evenly matched groups and various combinations
of CD, UC and control subjects.

Table 6.4. Summary of confounding factor group
Factor

Groups

CD

UC

Healthy

Total

BMI

Under- & normal weight

9

5

6

20

BMI

Overweight & obese

5

11

3

19

Smoking

Smokers

8

9

4

21
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Smoking

Never smokers

6

7

5

18

Gender

Male

7

11

4

22

Gender

Female

7

5

5

17

6.3.2. Results
Analysis results are presented as operating characteristic (ROC) curves. The associated
area under curve (AUC) is a measure of how well parameters can distinguish between
diagnostic groups. In our case, the groups were IBD vs controls, and CD vs UC. Generated
ROC curves for G.A.S. BreathSpec GC-IMS and WOLF E-nose, IBD vs controls and CD vs
UC, are shown in Figure 6.5 and Figure 6.6, respectively. The RF algorithm consistently
performed best. The analysis results are summarized in Table 6.5 and Table 6.6.

a.

b.

Figure 6.5. IBD analysis: G.A.S. Breathspec GC-IMS ROC curve; (a) IBD vs HC;
(b) CD vs UC
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a.

b.

Figure 6.6. IBD analysis: WOLF E-nose ROC curves; (a) IBD vs HC; (b) CD vs UC

Table 6.5. IBD analysis G.A.S. Breathspec GC-IMS result
Test

AUC ± 95%

Sensitivity

Specificity

PPV

NPV

P-value

IBD vs HC

0.93 (0.85 – 1.00)

0.87

0.89

0.96

0.67

5.1 x10-5

CD vs UC

0.71 (0.51 – 0.91)

0.86

0.62

0.67

0.83

0.026

Table 6.6. IBD analysis WOLF E-nose result
Test

AUC ± 95%

Sensitivity

Specificity

PPV

NPV

P-value

IBD vs HC

0.81 (0.66 – 0.96)

0.67

0.89

0.95

0.44

0.0019

CD vs UC

0.88 (0.77 – 0.98)

0.71

0.88

0.83

0.78

0.0001

Chemical Identification
VOC analysis indicates that two compounds play a crucial role in distinguishing
between IBD and controls. Chemical identification for the BreathSpec instrument, using the
GC-IMS Library Search software, suggests that the best matches for the identified compounds
include: butanoic acid (2-methyl-, propyl ester) and ethanoic acid (3-methyl-1-butyl ester).

Specific VOCs cannot be identified using the WOLF E-nose. However, in an attempt
to identify the chemical groups, which contribute most to the separation between diagnostic
groups, we have analysed the normalised average change in WOLF E-nose outputs, per group.
A radar plot of the responses is shown in Figure 6.7.
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Figure 6.7. WOLF E-nose sensor response radar plot
Ammonia, sulphur dioxide (SO2 ) and nitrogen dioxide (NO2 ) sensors showed the
greatest changes in sensor outputs and thereby contributed most to the separation between
diagnostic groups. Significant changes were observed in ammonia by both UC and CD
patients. Changes in NO2 were marginally greater in CD over UC and controls, while UC is
associated with increased sulphur dioxide. The other sensor outputs show small variations
between groups, such as increased ethylene oxide in UC over controls.
Confounding Factors
The analysis previously conducted on IBD and control groups was repeated, using the
same analytical techniques and algorithms, on the confounding factor groups, i.e., BMI: under& normal weight vs overweight & obese; smoking: smokers vs never smokers; gender: male
vs female. The analysis results are summarized in Table 6.7 and Table 6.8.

Table 6.7 and Table 6.8 demonstrate that the possible confounding factors of BMI,
smoking and gender have insignificant influence on breath content. This is particularly true
for BMI and smoking, as they achieve an AUC of around 50 for both technologies. Gender
seems to have the most influence on breath content, with an AUC of around 60.

Table 6.7. Confounding factors: G.A.S. BreathSpec GC-IMS results
Factor

AUC ± 95%

Sensitivity

Specificity

PPV

NPV

P-value

BMI

0.47 (0.28 – 0.65)

0.63

0.50

0.55

0.59

0.6426

Smoking

0.58 (0.39 – 0.76)

0.57

0.67

0.67

0.57

0.2132

Gender

0.66 (0.48 – 0.84)

0.68

0.65

0.71

0.61

0.2298
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Table 6.8. Confounding factors: WOLF E-nose results
Factor

AUC ± 95%

BMI

Sensitivity

Specificity

PPV

NPV

P-value

0.52 (0.33 – 0.71) 0.63

0.55

0.57

0.61

0.4284

Smoking

0.50 (0.32 – 0.69) 0.48

0.67

0.62

0.52

0.4944

Gender

0.61 (0.43 – 0.79) 0.73

0.47

0.64

0.57

0.5997

Feacal Calprotectin (FCP)
The demonstrated WOLF E-nose analysis for CD vs. UC was repeated using FCP as an
additional feature, on a reduced dataset of 20 samples (11 CD, 9 UC) to match the availability
of FCP scores. This analysis could not be repeated on the G.A.S. BreathSpec GC-IMS, because
the features from this device are made up of clusters with numerous data points and are thus
not directly compatible with single feature values, such as FCP.

The combined breath with FCP analysis was compared to breath without FCP, for the
same dataset. The analysis results are summarised in Table 6.9. In addition to this, we
investigated whether the combined analysis of breath with FCP could better distinguish
between CD vs HC and UC vs HC, as shown in Table 6.10.

Table 6.9. CD vs UC (without and with FCP): WOLF E-nose results
Test

AUC ± 95%

Sensitivity

Specificity

PPV

NPV

P-value

Breath without FCP

0.85 (0.63 – 1.00)

1.00

0.67

0.79

1.00

0.0037

Breath with FCP

0.74 (0.5 – 0.98)

1.00

0.56

0.73

1.00

0.0311

Table 6.10. CD vs HC & UC vs HC (without and with FCP): WOLF E-nose results
FCP

Test

AUC ± 95%

Sensitivity

Specificity

PPV

NPV

P-value

Without

CD vs HC

0.77 (0.54 – 0.99)

0.55

1.00

1.00

0.64

0.0232

UC vs HC

0.72 (0.45 – 0.98)

0.89

0.67

0.73

0.86

0.0534

CD vs HC

0.81 (0.61-1.00)

0.73

0.78

0.80

0.70

0.01

UC vs HC

0.90 (0.75-1.00)

1.00

0.78

0.82

1.00

0.0023

FCP
With
FCP
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6.4. Simultaneous Assessment of Urinary and Faecal Volatile Organic
Compound Analysis in De Novo Paediatric IBD (Study 3)
The content of this section is based on a paper that has been published in peer-reviewed
journals:
Manouni el Hassani, Sofia el, Sofie Bosch, Jesse P.M. Lemmen, Marina Brizzio Brentar,
Ibrahim Ayada, Alfian N Wicaksono, James A Covington, Marc A Benninga, Nanne K.H. de
Boer, and Tim G.J. de Meij. 2019. “Simultaneous Assessment of Urinary and Faecal Volatile
Organic Compound Analysis in De Novo Paediatric IBD.” Sensors 19 (20): 4496.
https://doi.org/10.3390/s19204496.

6.4.1. Methods
Subjects
The current case-control pilot study was part of an ongoing cohort study, in which
patients (aged 4–17 years) are included at the paediatric gastroenterology department
outpatient clinic of a tertiary referral centre (Amsterdam University Medical Centre; locations:
VU medical center (VUmc) and Amsterdammedical center (AMC)) [50,51,52]. For the
current study, patients suspected of IBD in the period May 2017 to February 2019 were
eligible to participate. Exclusion criteria were a proven bacterial or viral gastroenteritis during
the month prior to inclusion, use of immunosuppressive therapy, antibiotic, or probiotic
treatment in the last three months prior to inclusion, diagnosis with an immunocompromising
disease, and insufficient ability to understand the Dutch language. Furthermore, participants
who were not able to deliver both samples (i.e., faces and urine) were excluded. Participants,
and in case of participants aged under 12 years, parents, were asked for informed consent after
their first visit to the outpatient ward. The Medical Ethical Review Committee of the VUmc
approved the study protocol (file number 2015.393, amendment number A2017.188).

All patients underwent diagnostic endoscopic evaluation because of suspected IBD
based on clinical symptoms and/or biochemical abnormalities (e.g., elevated FCP).
Participants were allocated to either the IBD or control group, based on the combination of
endoscopy, histology, biochemical, and radiological findings, according to the currently
applied international diagnostic criteria [5]. Disease localization and behaviour in IBD cases
were assessed based on the Paris classification [34]. IBD cases were matched to controls based
on age and gender.
Page | 144

Sample and Data Collection
Participants were asked to concurrently collect a faecal and urine sample in containers
(Stuhlgefäb 10 mL, Frickenhausen, Germany), prior to bowel lavage. Participants were asked
to store the samples in their freezer at home within one hour after collection and bring the
samples to the hospital in cooled condition on their next regular appointment at the outpatient
clinic. Samples were then directly stored at -20℃ until further handling. In addition to the
sample collection, participants were asked to complete an online accessible and secured
questionnaire (Castor EDC®) on dietary preferences, clinical symptoms, Bristol stool scale,
bowel habits, extra-intestinal symptoms, residency, medical history, and medication use.
Additional clinical information was collected from medical files, including IBD disease
activity based on the physician global assessment (PGA) and laboratory values (CRP and
FCP) [53,54].

Sample Preparation
Sample preparation was performed according to our standard operating procedure,
previously described by Rouvroye et al. [22]. In short, a calibrated scale (Mettler Toledo, AT
261 Delta Range, Columbus, OH, USA) was used to weigh approximately 500 mg of faecal
and frozen urine sample. Subsequently, the sample was transferred to a glass vial (20 mL,
Frickenhausen, Germany), which was restored in a -20℃ freezer [50]. The faecal and urine
samples were sent to the BioMedical Sensors Lab, School of Engineering, University of
Warwick (Coventry, UK) on dry ice (-80℃) for VOC analyses.

Sample Analyses
Samples were analysed following the methods by Rouvroye et al. [22]. Samples were
randomly analysed by means of GC-IMS (FlavourSpec®, G.A.S., Dortmund, Germany). The
working principle of GC-IMS has been described in Chapter 3. The GC–IMS was connected
to an automatic sampling system with a chiller allowing processing of a batch of 32 samples
kept in cooled condition (4℃) until the start of the analyses to minimize sample degradation
(PAL RSi, CTC Analytics AG, Zwingen, Switzerland). In the eight minutes before analysis,
the samples’ temperature was raised to 80℃. Then, a syringe transported the headspace from
the vial into the injector port of the instrument and into the GC column. Nitrogen 99.9% (3.5
bar), served as a carrier gas at 40℃ for GC separation, and as drift gas for IMS at 45℃. GC
flow rate was set at 20 mL/minute (34.175 kPa) for six minutes, while a 150 mL/min flow rate
(0.364 kPa) was used for IMS.
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Data Analysis
The Statistical Package for the Social Sciences (SPSS, IBM version 22.0) was used to
perform the statistical analyses on demographics. Patient demographics and clinical
characteristics were compared using a Fisher’s exact test for dichotomous and ordinal data,
and an independent t-test for parametric continuous data. In case of non-parametric continuous
data, a Mann–Whitney U test was performed. A p-value < 0.05 was considered as a
statistically significant difference. The GC-IMS data analysis was done using our data analysis
pipeline as previously explained in Chapter 4. The 100 most discriminatory features were
identified by Wilcoxon rank-sum test (undertaken within the fold) and then used to train five
different classifiers: random forest (RF), gaussian process (GP), sparse logistic regression
(SLR), support vector machine (SVM), and neural network (NN) algorithms.

6.4.2. Result
Baseline Characteristics
In total, ten IBD (five UC and five CD) and ten matched controls were included
from the intention to diagnose cohort. The baseline characteristics are listed in Table
6.11. Faecal calprotectin was significantly higher (median 1208 g/g, p-value 0.009) in
the IBD group compared to the control group (median 50 g/g). No differences were
found for the remaining variables, as listed in Table 6.11.

Table 6.11. Baseline characteristics
IBD
(n=10)

Controls
(n=10)

p-value

4 [40]
15.0 [10.4-17.1]
18.9 [4.35]
6.0 [4.0-6.5]
1208.0 [1023.5-3086.5]
<2.5 [<2.5-39.5]
500.5 [485.3-512.5]

4 [40]
14.2 [9.6-16.6]
21.3 [3.66]
6.0 [3.0-6.0]
50.0 [14.5-900]
<2.5 [<2.5-4.35]
502.5 [486.3-508.8]

1.00
0.71
0.20
0.97
0.01
0.15
0.88

Sample weight urine mg (median [IQR])
644.5 [532.8-726.0]
628.5 [592.0-663.3]
Storage time months (median[IQR])
6.5 [5.8-6.5]
10 [6.75-15.5]
Physician’s Global Assessment
Quiescent
0
Mild
6
Moderate
4
Severe
0
Crohn’s Disease (n=5) localization
Ileal (L1)
2

0.79
0.14

Sex male (n [%])
Age years (median [IQR])
BMI kg/m2 (mean [SD])
Bristol stool scale (median [IQR])
FCP µg/g (median [IQR])
CRP mg/l (median [IQR])
Sample weight feces mg (median [IQR])
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Colonic (L2)
Ileocolonic (L3)
Proximal disease (L4)
B1 (NSNP)
B1p (NSNP +p)
B2 (S)
B2p (S+p)
B3 (P)
B3p (P+p)
Proctitis (E1)
Left sided (E2)
Extensive (E3)

1
2
1
Crohn’s Disease behaviour
4
1
0
0
0
0
Ulcerative Colitis (n=5) localization
0
2
3

Values were obtained at inclusion. CD and UC localization and behaviour were determined using the
Paris classification, based on findings during ileocolonoscopy and esophagogastroduodenoscopy and
magnetic resonance enteroclysis before start of treatment [51]. Abbreviations: CRP, C-reactive
protein; FCP, faecal calprotectin; IQR, interquartile range; SD, standard deviation; NSNP, non
stricturing non-penetrating; S, stricturing; P, penetrating; p, perianal disease.

Table 6.12. Diagnoses Controls
Irritable bowel syndrome n
Functional abdominal pain n
Helicobacter pylori infection n
Juvenile polyp n
Multiple angiodysplasia n
IBD excluded without alternative diagnosis n

2
1
1
1
1
4

All diagnoses in the controls were established after diagnostic endoscopy. In four children, no
diagnosis was established.

In Table 6.12, the diagnoses established after diagnostic endoscopy in the control group
are listed. Three children were diagnosed with irritable bowel syndrome or functional
abdominal pain, three had an alternative diagnosis, and in four children no alternative
diagnosis was established. Three children in the IBD group used prescribed medication,
opposed to six children in the control group (Table 6.13).

Table 6.13. Medication usage
IBD
Number of participants receiving
medication

n
3

Controls

n
6
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Type of medicine prescribed
Ferrous fumarate
1
Macrogol
Ethinylestradiol/Desogestrel
1
Ibuprofen/Naproxen
Acrivastine
1
Formoterol/Beclamethason*
Mebeverine
Omeprazole
Montelukast
Ferrous fumarate
Ondansetron
Methylphenidate

2
2
1
1
1
1
1
1
1

All values were obtained at inclusion. In the control group, more medication usage was reported.
Several participants were prescribed more than one type of medication. Abbreviations: n, number;
IBD, inflammatory bowel disease; *, inhaler.

VOC Analysis
The discrimination of IBD from controls based on faecal VOC profiles, was statistically
significant when training the algorithm using the neural network analysis (area under the curve
(AUC) (95% confidence interval (CI)), p-value, sensitivity, specificity; 0.73 (0.47–0.99),
0.038, 0.70, 0.90), Figure 6.8A. For urinary VOC profiles, a similar accuracy was reached for
the discrimination between IBD and controls using the sparse logistic regression classifier
(0.78 (0.57–1), 0.028, 0.80, 0.70), Figure 6.8B. The results of the remaining statistical analyses
are listed in Appendix Tables 6.2a and 6.2b. An example of GC–IMS output of faeces and
urine, collected by the same participant, is displayed in Figure 6.9.

Figure 6.8. (A) Display the ROC curve for the faecal VOC profile, and (B) display the ROC
curve for urinary VOC profile for the discrimination of IBD vs HC.
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Figure 6.9. Examples of GC-IMS output. Here, the GC-IMS of feacal (A) and urinary (B) VOC
profiles of one IBD patient are displayed

6.5. The faecal scent of inflammatory bowel disease detection and
monitoring based on volatile organic compound analysis (Study 4)
The content of this section is based on a paper that has been published in peer-reviewed
journals:
Bosch, Sofie, Dion S.J. Wintjens, Alfian Wicaksono, Johan Kuijvenhoven, René van der
Hulst, Pieter Stokkers, Emma Daulton, et al. 2020. “The Faecal Scent of Inflammatory Bowel
Disease: Detection and Monitoring Based on Volatile Organic Compound Analysis.”
Digestive and Liver Disease, no. xxxx. https://doi.org/10.1016/j.dld.2020.03.007.

6.5.1. Methods
This study was performed at the outpatient clinics of the Gastroenterology and
Hepatology department in two tertiary referral hospitals (Amsterdam UMC, location VUmc,
Amsterdam and Maastricht University Medical Centre (MUMC+) in Maastricht), and two
district hospitals (OLVG West in Amsterdam and Spaarne Gasthuis (SG), location hoofddorp
and Haarlem) all located In The Netherlands.

The study protocol conformed to the ethical guidelines of the 1975 Declaration of
Helsinki (6th revision, 2008) as reflected in a prior approval by the Medical Ethical Review
Committee (METc) of the Amsterdam UMC, location VUmc under file number 2016.135, by
Page | 149

the METc of the MUMC+ under file number NL24572.018.08, and by the local medical
ethical committee of the OLVG West and Spaarne Gasthuis. Written informed consent was
obtained from all study participants. Once sample collection was completed, all samples were
shipped to the School of Engineering, University of Warwick (Coventry, UK) for VOC
analysis.

Study participants

Inflammatory bowel disease patients
All patients aged 18 years or older with an established diagnosis of IBD based on
clinical, endoscopic, histological and/or radiological criteria and with a scheduled consult at
the outpatient clinic of one of the two tertiary referral hospitals were invited to participate in
this study [55]. Patients were asked to collect a faecal sample and to complete a questionnaire,
which included information on age, gender, BMI, smoking status, abdominal symptoms,
medication use, comorbidity and clinical disease activity based on the Harvey Bradshaw Index
(HBI) for CD patients and the Simple Clinical Colitis Activity Index (SCCAI) for UC patients
[56][57]. Active disease was defined as FCP level of ≥250 mg/g. Remission was defined as
FCP <100 mg/g combined with HBI <4 points of SCCAI <3 points. All IBD patients were
included in the primary statistical analysis assessing the diagnostic potential of faecal VOCs
to differentiate between IBD and HC. Only IBD patients with clearly defined disease activity
based on FCP and HBI/SCCAI levels were included in the secondary analyses aiming to assess
differences in faecal VOC pattern between active disease and remission. Demographic and
clinical data (including Montreal classification and history of bowel surgery) were obtained
from electronic patient files [58].

Healthy controls
All patients aged 18 years and order with a scheduled colonoscopy at the Amsterdam
UMS, OLVG West and Spaarne Gasthuis were invited to participate in this study regardless
of their endoscopy indication. They completed a questionnaire on demographics, smoking
status, abdominal symptoms, bowel movement, dietary intake, comorbidity, and medication
use. Patients without abnormalities detected during endoscopy were included in this study as
healthy controls (except asymptomatic external haemorrhoids, asymptomatic diverticula
and/or small anal fibromas). Mucosal biopsies were obtained to exclude microscopic
inflammation and subjects were only included as HC if no histologic abnormalities were
detected. Exclusion criteria included a history of bowel disease (e.g., celiac disease, IBD,
CRC), failure to complete colonoscopy because of various reasons (e.g., inadequate bowel
cleansing, pain) and/or collection of insufficient faecal sample mass to perform VOC analysis.
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Sample Collection

Inflammatory bowel disease
Amsterdam University Medical Centres. Between February 2015 and November 2017,
IBD patients were asked to collect two faecal samples (Stuhlgefäß 10ml, Frickenhausen,
Germany) from the same bowel movement prior to the consult: one for FCP levels and one
for VOC analysis. The FCP sample was sent to the hospital by mail. The sample for VOC
analysis was the participant’s own freezer within one hour following collection and
transported to the hospital in cooled condition using ice packs and/or ice cubes on the day of
their consultation. The samples were stored at -24°C directly upon arrival at the hospital.

Maastricht University Medical Centre. Between October 2009 and December 2010
patients were asked to collect stool from one bowel movement on the day of their consult and
bring it fresh to the hospital. This stool sample was stress in the fridge (4°C) directly upon
arrival at the hospital. From this bowel movement, two samples were prepared on the day of
delivery. One for FCP measurements (using ELISA in Amsterdam UMC and FEIA in
MUMC+) and one for research purpose. The second sample was stored in the freezer at -80°C.

Healthy Controls
Between February 2015 and November 2017, patients from the Amsterdam UMC,
OLVG West and SG collected a faecal sample in a container (Stuhlgefäß 10ml, Frickenhausen,
Germany) prior to bowel cleansing and endoscopic assessment. They were asked to store their
sample in their own freezer within one hour after collection. These samples were transported
to the hospital in cooled condition using ice packs and/or ice cubes on the day of their
endoscopy. The samples were stored at -24°C directly upon arrival at the hospital.

Sample Preparation & Faecal Volatile Organic Compound Analysis
For the faecal VOC analysis, subsamples of 500mg per participant (with a maximum
deviation 5%) were weighted on a calibrated scale (Mettler Toledo, AT 261 Delta Range,
Ohio, United States). This was done whilst keeping the samples on dry ice to avoid thawing
of the sample during preparation. Samples were then labelled and restored in glass vials (20ml
headspace vial, Thames Restek, Saunderton, UK), in a -24°C freezer until further handling.
As confirmed by our research team in a previous sampling method study on faecal VOC
analysis, the 500mg weight was carefully chosen to provide an optimum amount of VOCs in
the headspace of the sample [50]. The subsamples were shipped to the University of Warwick
on dry ice for faecal VOC analysis. Faecal samples were analysed using gas chromatography
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ion mobility spectrometry (GC-IMS, FlavourSpec, G.A.S., Dortmund, Germany). The
working principle of GC-IMS has been described in Chapter 3.

Data Analysis
The GC-IMS data analysis was performed using our data analysis pipeline as previously
described in Chapter 4. The data was split into three sets, 70% for training and validation and
30% as test set. A Wilcoxon rank-sum test was used to find the 20, 50 and 100 most
discriminatory features and Sparse Logistic Regression (SLR), Random Forest (RF), Gaussian
Process (GP), Support Vector Machine (SVM) and Neural Net (NN) classification were used
to provide statistical results from the 30% test set, based on the training and validation sets.

6.5.2. Result
Baseline Characteristics
A total of 280 IBD patients (164 CD patients, 112 UC patients, 4 IBD-undetermined)
were included. In total, 495 faecal IBD samples (292 CD, 197 UC, 6 IBD- U) were collected
during the follow-up period of this study. Of these, 107 were active CD (CDa), 84 were CD
in remission (CDr), 80 were active UC (UCa) and 63 were UC in remission (UCr) according
to the previously mentioned criteria. The number of samples collected per individual varied
as 159 patients provided one sample, 65 patients were sampled twice, 34 patients collected
three samples, 10 patients collected four samples, 10 patients collected five samples, and two
participants provided six and eight samples. Samples of IBD patients were compared to 227
HCs who all collected a single sample. Baseline demographics of all study participants are
given in Table 6.14. There was no statistically significant difference in gender and smoking
status between IBD patients and HC. The mean age of the IBD group was 46.1 (±29.8)
compared to 60.6 (±11.8) for HC. The mean FCP levels for active disease and remission were
664.6 mg/g and 29.9 mg/g for CD and 1108.5 mg/g and 39.5 mg/g for UC, respectively (Table
6.15).

Table 6.14. Baseline characteristics
CD (n=164)

UC (n=112)

IBD-U (n=4)

Healthy (n=227)

Female sex (n, %)

107 (65.2)

54 (48.2)

1 (25)

129 (56.8)

Age, year (mean ± SD)

45.3 (19-82)

51.1 (18-80)

49 (36-64)

60.6 ± 11.8

Current (n, %)

37 (22.6)

6 (5.4)

1 (25)

37 (16.3)

Past (n, %)

56 (34.1)

59 (52.7)

3 (75)

92 (40.5)

Smoking
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Never (n, %)

67 (40.9)

43 (38.4)

0 (0)

98 (43.2)

Aminosalicylates (n, %)

22 (13.4)

54 (50.0)

1 (25)

N/A

Corticosteroids (n,%)

26 (15.9)

14 (12.5)

0 (0)

N/A

Thiopurines (n, %)

58 (35.4)

28 (25.0)

2 (5)

N/A

Methotrexate (n, %)

12 (7.3)

3 (2.7)

0 (0)

N/A

Anti-TNF (n, %)

61 (37.2)

26 (23.2)

1 (25)

N/A

Selective (n, %)

5 (3.0)

0 (0)

0 (0)

N/A

7 (4.3)

6 (5.4)

0 (0)

32 (14.1)

Surgery prior to inclusion (n, %)

72 (43.9)

15 (14.3)

0 (0)

NA

Ileocecal resection (n, %)

57 (37.8)

2 (1.2)*

NA

NA

(Partial) Colectomy (n, %)

31 (18.9)

15 (9.1)

NA

NA

Small bowel resection (n, %)

5 (3.0)

0 (0)

NA

NA

Medication use at inclusion

Immunosuppresives

Biologicals

Antibiotics 3 months prior to
inclusion (n, %)

Montreal Classification at inclusion
Age at diagnosis, year
A1 ≤ 16 (n, %)

20 (13.4)

4 (3.6)

1 (25)

NA

A2 = 17 – 40 (n, %)

93 (56.7)

61 (54.5)

1 (25)

NA

A3 ≥ 41 (n, %)

51 (31.1)

47 (42.0)

2 (50)

NA

L1 Ileal (n, %)

NA

NA

NA

L2 colonic (n, %)

NA

NA

NA

L3 ileocolic (n, %)

NA

NA

NA

L4 proximal (n, %)

NA

NA

NA

NA

NA

NA

NA

NA

NA

NA

NA

NA

Localization Crohn’s disease

Behavior Crohn’s disease**
B1 nonstricturing

79 (48.1)

/nonpenetrating (n, %)

20(12.2)

B2 stricturing (n, %)

30 (18.3)
9(5.5)

B3 penetrating (n, %)

17 (10.4)
8(4.9)

Extent ulcerative colitis**
E1 Proctitis (n, %)

N/A

9 (8.0)

NA

NA

E2 Left-sided (n, %)

N/A

53 (47.3)

NA

NA

E3 Pancolitis (n, %)

N/A

49 (43.8)

NA

NA

Abbreviations: SD, standard deviation; CD, Crohn’s Disease; UC, ulcerative colitis; IBD-U,
inflammatory bowel disease undetermined; HC, healthy control; n, number of participants; NA, not
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applicable. *Ileocecal resection in UC group was solely performed in combination with (partial)
colectomy **Montreal classification of one participant missing.

Table 6.15. Inflammatory Bowel Disease Activity Scores
CDa (n=107)

CDr (n=84)

UCa (n=80)

UCr (n=63)

FCP (mean ± s.d.)

664.6 ± 448.9

29.9 ± 24.4

1108.5 ± 952

39.5 ± 27.3

SCCAI (mean ± s.d.)

NA

NA

2.9 ± 0.38

0.8 ± 0.20

HBI (mean ± s.d.)

4.1 ± 0.42

1.1 ± 0.16

NA

NA

Medication use at time of sample collection
Aminosalicylates (n, [%])

11 [10.3]

19 [22.6]

35 [43.8]

26 [41.3]

Corticosteroids (n, [%])

22 [20.6]

8 [8.3]

15 [18.8]

4 [6.3]

Thiopurines (n, [%])

34 [31.8]

32 [39.1]

21 [26.3]

33 [52.4]

Methotrexate (n, [%])

7 [6.5]

3 [3.6]

2 [2.5]

0 [0]

Anti-TNF (n, [%])

46 [43.0]

52 [61.9]

38 [47.5]

26 [41.3]

Selective biologicals (n, [%])

2 [1.9]

0 [0]

1 [1.3]

0 [0]

Antibiotics (n, [%])

1 [0.9]

1 [1.2]

4 [5.0]

1 [1.6]

Abbreviations: CDa, active Crohn’s disease; CDr, Crohn’s disease in remission; UCa, active ulcerative
colitis; UCr, ulcerative colitis in remission; FCP, faecal calprotectin; SCCAI, simple clinical colitis
activity index; HBI, Harvey Bradshaw Index. Active disease was defined as an FCP level of ≥250 mg/g,
remission was defined as an FCP level of <100 combined with a HBI <4 points or SCCAI <3 points.

Faecal Volatile Organic Compound Analysis
The results of the VOC analysis by means of GC-IMS are shown in Table 6.16. For
every comparison, the results from the Sparse Logistic Regression classification based on the
100 most discriminative features are presented. A complete overview of data generated using
all five classifiers based on the 20, 50 and 100 most discriminative features are given in
Appendix Table 6.3a-c. In addition, in Appendix Table 6.3d, the results of our post-hoc
analysis comparing samples only collected in the similar time period are shown.

Table 6.16. Differences in Faecal Volatile Organic Compound Patterns

IBD versus HC
CD versus HC
CDa versus HC
CDr versus HC
UC versus HC
UCa versus HC

AUC (95% CI)
Sensitivity Specificity PPV
Inflammatory bowel disease versus healthy controls
0.96 (0.92 - 0.99)
0.97
0.92
0.98
0.97 (0.95 - 1)
0.94
0.96
0.97
0.96 (0.94 - 0.99)
1
0.92
0.74
0.95 (0.93 - 0.98)
1
0.90
0.67
0.95 (0.91 - 0.99)
1
0.91
0.88
0.96 (0.94 - 0.99)
1
0.92
0.74

NPV

p-value

0.87
0.91
1
1
1
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
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UCr versus HC
IBDa versus IBDr
CDa versus CDr
UCa versus UCr
CD versus UC
CDr versus UCr
CDa versus UCa

0.95 (0.93 - 0.98)
1
0.88
0.52
Active disease versus remission
0.59 (0.51 - 0.67)
0.21
0.96
0.90
0.52 (0.39 - 0.65)
0.72
0.43
0.71
0.63 (0.44 - 0.82)
0.67
0.57
0.79
Crohn’s disease versus ulcerative colitis
0.55 (0.50 - 0.60)
0.17
0.96
0.90
0.52 (0.39 - 0.65)
0.95
0.18
0.67
0.56 (0.37 - 0.75)
0.74
0.43
0.76

1

<0.0001

0.39
0.45
0.42

0.019
0.645
0.082

0.36
0.67
0.40

0.031
0.607
0.744

All the results of the VOC analysis are obtained using Sparse Logistic Regression classification based
on the 100 most discriminative features. Sensitivities, specificities, p-values and AUC are reported for
the respective optimum cut-off points. Abbreviations: IBD, inflammatory bowel disease; CD, Crohn’s
disease; UC, ulcerative colitis; a, active disease state; r, remission; HC, healthy controls; AUC, area
under the curve; PPV, positive predictive value; NPV, negative predictive value. The 95% CI is in
brackets.

Figure 6.10. ROC curves for the differentiation between study groups based on SLR
classification using the 100 most discriminative features.
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Inflammatory Bowel Disease Versus Healthy Controls
IBD patients were discriminated from HC with a high diagnostic accuracy (AUC
±95%CI, sensitivity, specificity, PPV, NPV, P-values; 0.96 (0.92 –0.99), 0.97, 0.92, 0.98,
0.87, <0.0001) (Table 6.16, Appendix Table 6.3a-d). Likewise, high diagnostic accuracy was
found for detection of CD during active state and remission (0.96 (0.94 –0.99), 1, 0.92, 0.74,
1, <0.0001 for active CD; 0.95 (0.93 –0.98), 1, 0.90, 0.67, 1, <0.0001 for CD in remission)
(Table 6.16, Appendix Table 6.3a-d) . This was similar for the detection of UC both during
active state and remission (0.96 (0.94–0.99), 1, 0.92, 0.74, 1, <0.0001 for UCa; 0.95 (0.93–
0.98), 1, 0.88, 0.52, 1, <0.0001 for UCr) (Table 6.16, Appendix Table 6.3a-d). Corresponding
Receiver Operating Characteristic (ROC) curves are visualized in Figure 6.10a-d.
Crohn’s Disease Versus Ulcerative Colitis
Faecal VOC patterns of CD and UC differed significantly, though the diagnostic
accuracy was very low (0.55 (0.50-0.60), 0.17, 0.96, 0.90, 0.36, 0.03) (Table 6.16, Figure
6.10h, Appendix Table 6.3a-d). Furthermore, there was no difference between UC and CD
when comparing active disease and remission subgroups separately (Table 6.16).

Active Disease Versus Remission
There was a slight significant difference in faecal VOC patterns between active IBD
(UC and CD combined) and remission (0.59 (0.51-0.67), 0.21, 0.96, 0.90, 0.39, 0.019) (Figure
6.10). However, when comparing active and remission state of CD and UC subgroups
separately, this significance was not found (CD active vs CD in remission 0.52 (0.39-0.65),
0.72, 0.43, 0.71, 0.45, 0.645; UC active vs UC in remission 0.63(0.44-0.82), 0.67, 0.57, 0.79,
0.42, 0.08) (Table 6.16).

6.6. Discussion
Based on the result of all these studies, we have successfully shown the potential of
faecal, urinary, and breath VOC analysis in detecting IBD from Healthy controls in adults and
paediatric patients using E-nose, FAIMS, and GC-IMS approaches. A short summary of the 4
studies is shown in Table 6.17.
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Table 6.17. Summary of Four Studies

Study 1

Original paper’s title (date of published)

Sample type

Sample size

Instrument

Differentiation Between Paediatric Irritable

Faecal

CD = 15

FAIMS

bowel syndrome and Inflammatory Bowel

UC =15

Disease Based on Faecal Scent: Proof of

IBS/FAP-

Principle Study (May 2018)

NOS=15
HC = 30

Study 2

Breath Analysis Using E-nose and Ion

Breath

CD = 14

E-nose

Mobility Technology to Diagnose

UC = 16

and GC-

Inflammatory Bowel Disease - A pilot

HC = 16

IMS

GC-IMS

study (April 2019)
Study 3

Simultaneous Assessment of Urinary and

Faecal and

IBD = 10

Faecal Volatile Organic Compound

Urine

HC = 10

Faecal

CD = 164

Analysis in De Novo Paediatric IBD
(October 2019)
Study 4

The faecal scent of inflammatory bowel
disease: Detection and monitoring based

UC = 112

on volatile organic compound analysis.

IBD-U = 4

(March 2020)

HC = 227

GC-IMS

Out of four studies, three studies investigated the potential of faecal VOCs in IBD
detection using FAIMS and GC-IMS. When comparing classifier results, Gaussian Process
(GP) performed best across these studies in discriminating IBD patients from healthy controls
by faecal VOC profile analysis. The results of IBD vs HC analysis using faecal VOCs are
summarised in Table 6.18.
Table 6.18. Summarized of GP Classifier Performance When Detecting IBD from HC in
Faecal Samples.
AUC (95% CI)

Sensitivity

Specificity PPV

NPV

p-value

0.93

0.93

0.93

0.93

<0.001

Study 3 0.69 (0.44 - 0.94) 0.9

0.5

0.64

0.83

0.435

Study 4 0.97 (0.95 - 0.99) 0.98

0.93

0.98

0.93

<0.001

Study 1 0.95 (0.88 - 1)
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Study 1 (FAIMS) and study 4 (GCIMS) showed high separation, whereas study 3 was
only able to achieve AUC (95% CI) of 0.69 (0.44 - 0.94). However, this may be because study
3 included a small sample size, as shown previously in Table 6.17. The intention of study 3
was to compare the patient urinary VOC profile to theirs faecal VOC profile for detecting
IBD. However, even with a small sample size, some differences were observed. When
investigating UC, CD, and HC separately, both FAIMS and GCIMS were able to show
significant differences in comparing UC vs HC and CD vs HC, but not for CD vs UC as shown
in Table 6.19. Due to smaller sample size, we were unable to perform sub-analysis on study
3.

Table 6.19. The Summary of FAIMS and GC-IMS Performance in Differentiating UC vs HC,
CD vs HC, and UC vs CD from Patient's Faecal VOC Profile Using Gaussian Process
Classifier
AUC (95% CI)

Sensitivity

Specificity

PPV

NPV

p-value

UC vs HC

0.98 (0.94 - 1)

0.93

0.93

0.88

0.97

<0.001

CD vs HC

0.93 (0.86 - 1)

0.87

0.90

0.81

0.93

<0.001

UC vs CD

0.46 (0.24-0.67)

1

0.067

0.52

1

0.6587

Study 1 (FAIMS)

Study 4 (GCIMS)
UC vs HC

0.97 (0.93 - 1)

0.96

0.95

0.93

0.97

0.0001

CD vs HC

0.98 (0.95 - 1)

0.96

0.93

0.95

0.95

0.0001

UC vs CD

0.54 (0.49 - 0.60)

0.17

0.92

0.83

0.35

0.078

The potential of faecal VOC analysis in paediatric and adult IBD have been previously
studied. Ahmed et. al analysed the faecal VOC samples of 117 CD, 100 UC, and 109 HC
patients in the adult population using Gas Chromatography Mass Spectrometry (GC-MS) [59].
Although AUC values were not provided, CD and HC could be distinctly separated based on
three unique metabolites. In contrast to our findings, study results of Ahmed et. al did not
allow discrimination between UC patients compared to HC. Other studies have assessed the
diagnostic potential of faecal VOCs for IBD using pattern-based techniques in paediatric

Page | 158

cohorts, such as E-nose instruments (CD 29, UC 26, HC 28) and FAIMS (23 CD, 13 UC, 24
HC) [60,51]. In the study using E-nose technology, similar accuracies to the current study
were demonstrated for the detection of IBD. In addition, using an E-nose allowed clear
separation of UC and CD phenotypes. Using FAIMS, CD patients were separated from HC
with high accuracy and moderate separation was found for the discrimination of UC compared
to both HC and CD samples (AUC of 0.74 and 0.67, respectively). The results in our studies
also support previous finding that IBD can be differentiated from HC based on faecal VOC
analysis with a high accuracy.

Differentiation between IBD and IBS can be difficult, especially in children, as
biochemical diagnostic biomarkers are yet not available, the diagnostic relies on the symptombased ROME IV criteria [32]. In study 1, the paediatric IBD/FAP-NOS group was included.
We observed that faecal VOC profiles could differentiate between paediatric IBS/FAP-NOS
and IBD patients with high accuracy, but not from HC. Studies on the potential of faecal VOC
profiling to discriminate against paediatric IBS/FAP-NOS from IBD have not yet been
performed. Ahmed et al. compared the faecal VOC profiles of 30 adult diarrhoea-predominant
IBS (IBS-D) patients, with 62 active CD, 48 active UC, and 109 healthy subjects using gas
chromatography–mass spectrometry (GC-MS) [61]. In that study, IBS-D could be
discriminated from IBD based on 44 significantly different levels of metabolites. These
metabolites were used to construct a discriminatory model with high diagnostic accuracy
(AUC IBS-D vs CD, 0.97; AUC IBS-D vs UC, 0.96; P = 0.001). This diagnostic accuracy is
comparable to that observed in our study. In addition, in the study by Ahmed and colleagues,
significantly increased levels of 48 faecal metabolites were identified in adult IBS-D patients
compared with HCs with AUC of 0.92 (p-value < 0.05). In the present study, however, VOC
profiles of IBS/FAP-NOS were not significantly different compared with VOC profiles of
HCs. This difference could possibly be explained by our relatively small sample size. Another
explanation could be our heterogeneous IBS/FAP-NOS group, in which subjects experienced
a variety of symptoms (diarrhoea, abdominal pain, bloating, constipation), whereas Ahmed et
al. solely included patients with diarrhoea-predominant IBS type. However, we observed no
significant differences in VOC profiles between the 2 subgroups IBS and FAP-NOS. In
addition, the diagnostic accuracy could differ due to the fact that GC-MS and FAIMS analyse
metabolite signals based on different techniques. However, as the diagnostic accuracy to
differentiate between IBS/FAP-NOS and IBD is highly similar between these studies, we
believe this had minimal influence on our study outcomes.

Active IBD was discriminated from remission in study 4 with a very weak accuracy and
there was no difference between the active and inactive subgroups of CD and UC. The existing
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literature of the differentiation between active and inactive IBD based on VOC profiles in
adults is both scarce and contradictory. There is only one research on the assessment of IBD
activity based on faecal VOC profile. Inactive CD was significantly separated from active CD
based on faecal VOC profiles, whereas VOC profiles of active and inactive UC were similar
[59]. Using a breath sample, separate research showed similar accuracy when comparing the
breath VOC profile of 135 CD in remission with 140 active CD using GC-MS with AUC 0.98
[62]. In addition, a high diagnostic accuracy to differentiate between 62 active and 70 inactive
UC breath VOC profiles was found by the same research group with AUC of 0.94 [63]. Using
urine sample, another research group, also showed it was possible to discriminate between
active IBD (24 CD, 24 UC) and remission (4 CD, 4 UC) using FAIMS, with moderate
accuracies (AUC CD 0.66, UC 0.74 [64]. These results contradict with our result. However,
this accuracy was based on different metabolite alternation. The reasons behind this can be
explained as:
1. Alterations in the faecal VOC patterns may be explained by alteration in metabolic
processes, like the secretion of inflammatory end products in the colon or alteration in
dietary intake, by microbial dysbiosis or a combination of these. In a recent study on
canine olfaction, in vitro breast cancer and colon cancer cells were grown and it was
observed that dogs were able to differentiate between the metabolic waste retrieved from
cancer cells and benign cells, but not between the cell waste of breast and colon cancer,
implying that both cancers may share a common smell print [65]. The same might apply
for inflammatory diseases like CD and UC of which it may be hypothesized that the VOC
patterns of CD and UC patients are based on shared (metabolic) reaction, explaining the
similarities in VOC patterns observed in the current study.
2. Another reason may be explained by the gut microbiota as one of the main sources of
faecal VOC. The faecal microbiota of healthy individuals consist of over 400 different
species, a large inter-individual diversity in the faecal microbiota composition of healthy
individuals [66]. Nonetheless, the microbiome of an individual is remarkably stable,
suggesting the presence of a core microbial community, which is dependent on host
factors [67,68]. In multiple studies, this microbial stability has been found greater in
healthy individuals compared to IBD patients of which the microbial composition is
defined by more deviation over time and a decrease in diversity especially in abundance
of Firmicutes in CD patients and decrease in butyrate-producing bacteria in UC patients
(Faecalibacterium prausnitzii, Roseburia hominis) [69,70,71,72,73,74]. This could
explain the ability to clearly discriminate between IBD patients and HC based on faecal
VOC profiles in our study. Remarkably, this variability of microbial composition in IBD
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patients does not correlate with disease activity. Fluctuations in microbiota composition
have been observed both during exacerbation and clinical remission, which has hampered
the identification of microbial changes related to the presence of flare-ups [69,70,75].
3. Lastly, this variation may be caused by the use of different techniques to analyse VOC
profiles. The use of pattern recognition in our study provides a fast and relatively cheap
manner to analyse faecal VOCs, which is highly adequate for clinical implementation.
However, this technique is unable to identify specific metabolites. Differences between
IBD and HC based on faecal VOCs have previously been demonstrated due to an altered
composition of esters, short chain fatty acids (SCFAs) and cyclo-hexanecarboxylic acid,
of which the first group is believed to be associated with bacterial dysbiosis [76]. The
differences between active disease state and remission in faecal as well as breath VOC
profiles originate from a different group of metabolites, mainly aldehydes and ketones
[62,63,77]. These metabolites play a role in inflammatory processes as they are the
metabolic products of tissue damage and oxidative stress and may therefore be the result
of a more general host-response to inflammation rather than an IBD specific metabolic
alteration. It is possible that the GC-IMS column chosen was sensitive to a range of
metabolites for differentiating IBD from HC, but not to the metabolites produced in
inflammatory processes.
Urinary VOC as the second type of sample in this chapter was only investigated using
GCIMS in study 3 in which the potential of urinary VOC profiles is assessed for the first time
in paediatric IBD. In adult IBD, urinary VOC analysis allowed for discrimination between
IBD and HC by means of an E-nose device (Fox 4000; AlphaMOS, Toulouse, France) and
FAIMS [64]. The result of study 3 and Arasaradnam et. al were compared in Table 6.20.
Table 6.20. The Result of Urinary VOC Analysis Using E-nose, FAIMS, and GC-IMS to
Detect IBD from HC

AUC

p-value

E-nose (FOX 4000)

0.88

<0.001

FAIMS

0.75

<0.001

0.78

0.028

Arasaradnam et.al

Study 3
GCIMS
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The FAIMS analysis demonstrated similar diagnostic accuracy, while VOC profiles
analysed by E-nose exceeded the accuracy as observed in the current study. The variation in
diagnostic accuracies can be explained by several aspects. In the current study, a paediatric
intention to diagnose cohort was established, whereas in the study by Arasaradnam et al., adult
patients with an established IBD diagnosis which received treatment were included.
Additionally, IBD cases were compared to healthy controls, rather than with symptomatic
patients, in which it is expected that there is a larger difference between healthy controls and
cases, than is seen between symptomatic non IBD patients compared to IBD cases.
Furthermore, different analytical techniques were applied, Arasaradnam et al. used an E-nose
device and FAIMS, whereas in the current study a novel technique, GC–IMS, was applied.
Lastly, in the current study, a more diverse control group was included, which could possibly
have led to a lower diagnostic accuracy.
The last sample type we investigated in this study were breath VOC profiles. Both Enose and GCIMS were able to discriminate between adult IBD patients from HC by analysing
their breath VOC profile regardless of disease activity as reflected by the FCP scores.
Additionally, both technologies were able to provide some separation between UC and CD.
The result indicates that GC-IMS is better suited towards distinguishing between IBD and HC,
while E-nose can better separate between UC and CD. The sensor array deployed in the WOLF
E-nose is focused more towards inorganic gas, which most likely accounted for the differences
in diagnostic accuracy achieved by the employed technology. Ammonia, SO2 , and NO2
sensors contributed significantly to the analysis of the WOLF E-nose. Ammonia has an
established link to IBD breath [78,79,80], since it is one of the intermediaries generated from
bacterial fermentation of proteins [81]. UC was associated with higher SO2 levels in our study,
which has been observed previously [82]. It has been suggested that residential exposures of
SO2 and NO2 may increase the risk of early-onset CD and UC [83]. Increase in the
aforementioned VOCs, butanoic acid and ethanoic acid, contributed significantly to the
efficacy of our analysis for GC-IMS. These VOCs have been recently identified as important
discriminatory volatile organic metabolites for IBD [61]. Short-chain fatty acids, such as
butyric-, propionic- and acetic acids, are produced in the colon by fermentation of fibre. In
particular, butanoic acids (also known as butyric acid) is a key component for health in the
colon [84] and is the main energy substrate for colonocytes [85]. Butanoic acid has therefore
been suggested to play an important role in the prevention and treatment of distal UC [86] and
CD [87]. The variations in the identified compounds between IBD subjects and controls may
be crucial for diagnostic purposes and need to be further investigated.
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The analysis of the results for possible confounding factors in breath profile show that
BMI and smoking habits have insignificant influence on breath content. In general, the effect
of smoking is an obvious factor to influence breath. However, it is worth noting that 19 of the
21 “smoker” subjects consider themselves to be ex-smokers. It is therefore unsurprising that
greater differentiation was not possible in this case. Gender showed a more significant
influence on breath content than the other two factors (AUC: 0.66, sensitivity: 0.68,
specificity: 0.65). While IBD generally affects men and women equally, some studies from
North America show that UC is more common in men than women [88]. The unbalanced
gender counts in the UC group (11M: 4F) could therefore be responsible for strengthening the
separation between males and females for the confounding factor analysis. In addition to this,
gender affects metabolism that can lead to differences in breath content [47]. However, this
factor was not significant enough to create two distinct groups or undermine the IBD related
analysis. Age was not considered in the confounding analysis; however, this factor is unknown
to have limited effect on breath content, with some studies showing not statistically significant
associations between age and common breath gas metabolites [89]. Moreover, unlike many
other diseases, IBD can occur at any age (most likely between 15-35). Age is therefore
unlikely to have had a significant effect on the conducted analysis. Lastly, the effect of
medication could not be considered factor analysis, due to the number and variety of
medications and treatment prescribed to each IBD subject. It is possible that the strong result
distinguishing between IBD and CD, as well as CD vs UC, could be related to the effect of
medication; however, the same class of drugs was proportionally present in both IBD groups,
so this factor is less likely to be a confounder.

Results from the analysis combining breath analysis with FCP caused specificity, PPV,
and AUC to reduce, compared to those without FCP. While the differences in mean FCP score
between CD and UC is almost 300 ug/g (414.1-116.9 ug/g), this feature is prone to
misclassification because all CD scores fall within the lower range of UC scores. Thus,
including FCP with breath analysis does not improve the distinction between CD vs UC within
this study. However, as shown in Table 9. FCP did improve separation of CD vs HC and UC
vs HC. This is likely due to the significantly higher FCP score in both CD and UC, when
compared with the normal reference range of a healthy individual (<50 ug/g) [90].
Nonetheless, this specific application of FCP has little practical or clinical value, since the
same conclusions can be derived using FCP scores alone. Moreover, there would be added
costs (£18 per test) to conduct FCP tests, alongside breath analysis. These additional costs
cannot be justified without a significant improvement in diagnostic performance in
distinguishing between CD and UC.

Page | 163

It has been shown that E-nose technology has some capability in identifying the
chemical groups (based on sensor responses), which contribute most to the separation between
diagnostic groups. E-nose also has a high level of freedom, allowing the instrument to be
tailored to specific applications. However, other technologies, such as GC-IMS are associated
with more advanced/sophisticated chemical identification methods. This can be conducted by
matching the data to GC-IMS library search software, such as the NIST library. On the other
hand, chemical identification in FAIMS technology is not possible, making it not suitable for
biomarker discovery. Even though E-nose is the cheapest among these three instruments,
FAIMS and GC-IMS provide the highest dimensionality data that can further enhance data
analysis. Both technologies also measure the differences in the mobility of ionized VOC
molecules in high-electric fields resulting in higher sensitivity and minimal drift.

Table 6.21. Discrimination Performance of IBD vs HC Based on Sample Type
Sample type

AUC (95% CI)

Sensitivity

Specificity

PPV

NPV

p-value

Stool

0.96 (0.92 – 0.99)

0.97

0.92

0.98

0.87

<0.0001

Urine

0.78 (0.57 - 1)

0.80

0.70

NA

NA

0.028

Breath

0.93 (0.85 – 1.00)

0.87

0.89

0.96

0.67

5.1 x 10-5

Nonetheless, VOC profile analysis provides a promising, non-invasive method in
detecting IBD patients. Table 6.21 compare the best discrimination performance among three
sample types in this thesis when comparing IBD vs HC. It showed that faecal VOC analysis
gives the highest accuracy among other sample types. Stool samples are routinely collected
to inform the management of many gastrointestinal diseases and infections [23]. However,
patient compliance rarely exceeds 60%, due to embarrassment or concerns about results [91].
Additionally, collecting stool samples during disease activity (e.g., flare-up) is potentially
uncomfortable for the patient. On the other hand, urine and breath samples can be provided
anytime with virtually unlimited numbers of samples collection. However, there is still a lot
of work that is needed in terms of standardisation for breath and urinary sampling compared
to faecal.
Future research should compare faecal, urine, and breath VOC profiles from the same
patient to get a deeper and better understanding of how metabolic processes play a role in IBD
detection. Not only IBS/FAP-NOS, a broader range of gastrointestinal disorders should also
be included into the future case-control research to be able to increase the accuracy and
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sensitivity of this technique in detecting IBD. Since the pattern recognition model is a crucial
part in VOC profile analysis for disease detection, future study should perform proper sample
size calculations to make sure the model can pick the chemical fingerprint. Those, including
more samples, are necessary, especially in urine and breath. VOC sampling conditions and
data analysis processes should be also standardised to be able to make clear comparisons
between studies. Finally, more studies should focus on monitoring of remission and active
states of IBD as this would have significant clinical value. The IBD state monitoring will
enable the clinician to predict the likelihood of a patient to relapse and provide an early
treatment to maintain patient remission state and avoid irreversible bowel damage, such as
fistulas and strictures that may lead to surgery.

6.7. Conclusion
In conclusion, we have shown that paediatric and adult patients with IBD can be
distinguished from HC with a high diagnostic accuracy by faecal, urine and breath VOC
analysis using E-nose, FAIMS and GC-IMS methods. The accuracy of faecal VOCs in
detecting IBD was comparable to breath. The separation of UC and CD was only observed in
the breath study. However, as faecal VOC patterns did not allow for differentiation between
disease activity states, its potential for monitoring intra-individual course of IBD may be
limited and should be assessed in a future study, enrolling an endoscopy-controlled
cohort. When comparing faecal VOC profiles of IBD patients to other similar symptomatic
diseases, such as IBS/FAP-NOS, high diagnostic accuracy was also observed. We also
conclude that GC-IMS performed the best overall in detecting IBD. Compound analysis has
identified two breath VOCs, which were likely to have direct link to IBD: butanoic acid and
ethanoic acid. Analysis of possible confounding factors indicate that BMI, smoking habits and
gender have insignificant influence on breath content. Thus, VOC analysis offers great
potential as a non-invasive, fast, and cheap alternative assessment pathway for detecting IBD.
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Chapter 7
CONCLUSION AND FURTHER WORK
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7.1. Introduction
The goal of this project was to utilise the VOCs emanating from human waste for
disease diagnosis and monitoring using modern electronic nose technologies and analyse the
data produced by them. To achieve this goal, we developed a new data analysis pipeline for
the electronic nose (E-nose), field asymmetric ion mobility spectrometry (FAIMS), gas
chromatography ion mobility spectrometry (GC-IMS), and gas chromatography time of flight
mass spectrometry (GC-TOF-MS) methods, as well as conducting rigorously planned casecontrol studies. Eight novel clinical studies have been performed to explore the use of VOCs
from human waste for non-invasive disease diagnosis, focussing on pancreatic cancer
(PDAC), colorectal cancer (CRC), and inflammatory bowel disease (IBD) (Chapter 5 and 6,
respectively). This chapter summarises the thesis findings and emphasises the originality and
importance of these findings in the context of a broader study.

7.2. Data Analysis Pipeline
The data analysis pipeline utilised in this research includes pre-processing, data splitting
and cross-validation, feature selection and classification, as well as model performance
calculations. Each instrument requires a unique pre-processing phase due to its unique data
characteristics. For the E-nose, pre-processing steps, in our case, only involves extracting the
maximum value of sensor response for each sensor in the sensor array. While in FAIMS, the
pre-processing processes include padding, cropping, and applying a threshold to reduce the
number of uninformative data. Then, in GC-IMS, which has the highest dimensional raw data
among these instruments, include RIP alignment, cropping, and thresholding in its data preprocessing steps. Lastly, GC-TOF-MS pre-processing involves extracting important
information and removing the uninformative chemicals from the list.

Data splitting differs across studies, with data from studies with small datasets being
separated simply into training and validation sets, while data from research with big datasets
were divided into three sets, namely, training, validation, and test set. Then, these data are
processed in cross-validation, features extraction, classification model training, and finally,
the trained model produces the class prediction. Model performance is measured based on the
confusion matrix and ROC curve. These are AUC (95% CI), sensitivity, specificity, PPV,
NPV, and p-value. Only GC-TOF-MS and GC-IMS are able to identify chemical compounds
by comparing the result with NIST library. The methods described in Chapter 4 have been
used throughout this thesis (Chapter 5 and 6). Among the 5 different classification algorithms
used in this thesis; Random Forest provide the most consistent performance throughout all the
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studies based on the aggregate AUC value across all analysis (see Appendix Table 7.1 and
7.2). This conclusion is similar with the finding of Fernández-Delgado et al., who found that
random forest consistently outperformed other 179 classifiers while analysing 121 different
datasets [1]. Random forest performed exceptionally well when dealing with high
dimensionality dataset since it works with subsets of data. It is also robust to outliers and nonlinear data. Due to the averaging step of all trees inside random forest, it generally has low
bias and moderate variance. It also does a good job of handling missing data and unbalanced
data. However, due to the ensemble of decision trees inside random forest, it suffers intrinsic
interpretability. Additionally, the size of the trees might take up a significant amount of
memory when dealing with very large datasets.

7.3. Pancreatic Cancer Studies
The pancreatic cancer (PDAC) studies in Chapter 5 utilised FAIMS, GC-IMS, and GCTOF-MS technology to investigate the non-invasive diagnosis of PDAC (early- and latestage), chronic pancreatitis (CP), and healthy controls. In addition to this, the study evaluated
the possible biomarker that may associate with PDAC. The first study included 162 subjects:
81 healthy controls and 81 PDAC, which consisted of 44 early-stage PDAC and 36 late-stage
PDAC. Whereas the second study included 123 subjects: 33 healthy controls, 45 PDAC, and
45 CP. The novelty of this work was that it was the first urinary study (to be best of our
knowledge) to investigate PDAC, CP, and healthy using FAIMS, GC-IMS, and GC-TOF-MS
technology [2]. The importance of our findings was:
a. Urinary VOC analysis could separate between PDAC and healthy control, early stage
PDAC and healthy, early stage PDAC and late stage PDAC, and CP and healthy.
b. Urinary VOC analysis showed only small difference when comparing PDAC with CP.
c. Chemical identification suggested that 2,6-dimethyl-octane, nonanal, 4-ethyl-1,2dimethyl-benzene, and 2-pentanone play an important role in the separation of PDAC and
healthy.
The FAIMS results are summarised below
-

PDAC vs Controls: AUC = 0.92, sensitivity = 0.90, specificity = 0.81.

-

Early-stage PDAC vs Controls: AUC = 0.89, sensitivity = 0.91, specificity = 0.78.

-

Late- vs Early-stage PDAC: AUC = 0.92, sensitivity = 0.82, specificity = 0.89.

The GC-IMS results are summarised below
-

PDAC vs Controls: AUC = 0.88, sensitivity = 0.84, specificity = 0.94.
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-

PDAC vs CP&Controls: AUC = 0.69, sensitivity = 0.72, specificity = 0.60.

-

CP vs Controls: AUC = 0.86, sensitivity = 0.80, specificity = 0.91.

-

PDAC vs CP: AUC = 0.58, sensitivity = 0.51, specificity = 0.73.

The GC-TOF-MS results are summarised below
-

PDAC vs Control: AUC = 0.86, sensitivity = 0.72, specificity = 0.96.

-

PDAC vs CP&Controls: AUC = 0.75, sensitivity = 0.52, specificity = 0.96.

-

CP vs Controls: AUC = 0.67, sensitivity = 0.38, specificity = 0.96.

-

PDAC vs CP: AUC = 0.55, sensitivity = 0.38, specificity = 0.88.

7.4. Colorectal Cancer Studies
The colorectal cancer (CRC) studies in chapter 5 utilised FAIMS and GC-IMS
technology to investigate whether urinary and faecal VOC analysis could be used to
distinguish between CRC, adenoma, and healthy control patient. Furthermore, this study
evaluates the possibility of faecal VOC analysis as a secondary follow-up after polypectomy.
The first study that analysed urinary VOC included 163 subjects: 12 CRC, 80 adenoma, 37
healthy control, and 33 other gastrointestinal diseases. Whereas the second study analysed
faecal VOCs included 565 subjects: 14 CRC, 260 adenoma (64 AA, 69 LA, 127 SA), 32
polypectomy patient, and 259 healthy. The novelty of this work was that it was the first study
that demonstrate the potential of urinary VOC analysis in detecting CRC and adenoma using
GC-IMS and also the first reported research to show the potential of faecal VOC analysis for
polypectomy follow-up [3,4]. The importance of our findings were
a.

The analysis of urinary and faecal VOC could differentiate between CRC and healthy.

b.

Urinary VOC analysis could clearly separate between Adenoma and CRC, but not
adenoma and control.

c.

Faecal VOC analysis could clearly separate between Adenoma and control, but not
Adenoma and CRC.

d.

The faecal VOC analysis showed intra-individual VOC profile changed to physiological
state three months following polypectomy which indicate the potential of faecal VOC
analysis for polypectomy follow-up.

The FAIMS results analysing urinary VOC are summarised below
-

CRC vs healthy: AUC = 0.98, sensitivity = 1.00, specificity = 0.92.

-

CRC vs adenoma: AUC = 0.92, sensitivity = 0.83, specificity = 1.00.

The GC-IMS result analysing urinary VOC are summarised below
-

CRC vs healthy: AUC = 0.82, sensitivity = 0.80, specificity = 0.83.
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-

Adenoma vs healthy: AUC = 0.61, sensitivity = 0.58, specificity = 0.62.

The GC-IMS result analysing faecal VOC are summarised below
-

CRC vs healthy: AUC = 0.96, sensitivity = 1.00, specificity = 1.00.

-

CRC vs adenoma: AUC = 0.54, sensitivity = 0.98, specificity = 0.19.

-

Adenoma vs healthy: AUC = 0.96, sensitivity = 0.97, specificity = 0.94.

-

T0 Healthy vs T0 pre-polypectomy: AUC = 0.98, sensitivity = 1.00, specificity = 0.97.

-

T1 Healthy vs T1 post-polypectomy: AUC = 0.55, sensitivity = 0.91, specificity = 0.25.

-

T0 vs T1 pre-and post-polypectomy: AUC = 0.94, sensitivity = 0.91, specificity = 0.91.

-

T0 vs T1 Healthy: AUC = 0.58, sensitivity = 0.94, specificity = 0.27.

7.5. IBD Studies
The IBD studies in Chapter 6 utilised E-nose, FAIMS, and GC-IMS technology to
investigate whether breath, urinary, and faecal VOC analysis could be used as a non-invasive
alternative to separate between IBD and healthy control, including Crohn’s disease (CD and
ulcerative colitis (UC) as subtypes of IBD in paediatric and adult patients. In addition, the
study compared the VOC profile of similar symptomatic disease like IBS/FAP-NOS to IBD
profile and analysed possible compounds biomarker that contribute the most in separating IBD
from healthy in breath sample. Lastly, the study evaluated whether the faecal VOC profiles
could be used to monitor the state of IBD, i.e., active and remission both in UC and CD. The
first study that analysed the faecal VOC of paediatric patient included 75 subjects: 30 with
IBD (15 UC, 15 CD), 15 IBS/FAP-NOS, and 30 healthy. The second study, which analysed
the breath VOC profiles, included 39 subjects: 30 IBD (14 CD, 16 UC) and 9 healthy. The
third study, which analysed both urine and faecal VOC in paediatric, included 20 subjects: 10
with IBD and 10 healthy controls. The last study analysed the faecal VOC included 507
subjects: 280 with IBD (164 CD, 112 UC, 4 IBD-U) and 227 healthy controls. The novelties
of these works were

-

The first reported study that investigate the use of faecal VOC profiles of paediatric
patient in separating between IBD and IBS/FAP-NOS.

-

The first breath study that investigate CD, UC, and controls using E-nose and GC-IMS
technology.

-

The first reported study that assessed the potential of urinary VOC analysis in paediatric
IBD.

-

The first large sample, multicentre cohort faecal VOC analysis study that investigate IBD
(UC and CD) and the active and remission stage of UC and CD using GC-IMS.
Page | 180

The importance of these studies were:
a.

The analysis of breath, urine, and stool VOC could clearly separate between IBD
(including UC and CD) and healthy controls in both paediatric and adult patients.

b.

The analysis of faecal VOC could separate between paediatric patient with IBD and
IBS/FAP-NOS.

c.

The separation of UC and CD was only observed in breath VOC study.

d.

In this study, the faecal VOC analysis did not show separation between IBD disease
activity state.

e.

Chemical identification suggested that butanoic acid and ethanoic acid play an important
role in the separation of IBD and healthy in breath study.

The FAIMS results in paediatric faecal VOC analysis can be summarized below:
-

IBD vs healthy: AUC = 0.96, sensitivity = 0.93, specificity = 0.97.

-

UC vs healthy: AUC = 0.98, sensitivity = 0.93, specificity = 0.97.

-

CD vs healthy: AUC = 0.95, sensitivity = 0.93, specificity = 0.93.

-

IBD vs IBS/FAP-NOS: AUC = 0.94, sensitivity = 1.00, specificity = 0.87.

-

CD vs UC: AUC = 0.67, sensitivity = 0.60, specificity = 0.80.

The GC-IMS results of breath VOC analysis in detecting IBD can be summarised below:
-

IBD vs healthy: AUC = 0.93, sensitivity = 0.87, specificity = 0.89.

-

CD vs UC: AUC = 0.71, sensitivity = 0.86, specificity = 0.62.

The E-nose results of breath VOC analysis in detecting IBD can be summarised below:
-

IBD vs healthy: AUC = 0.81, sensitivity = 0.67, specificity = 0.89.

-

CD vs UC: AUC = 0.88, sensitivity = 0.71, specificity = 0.88.

When comparing urinary and faecal VOC analysis in detecting IBD using GC-IMS, the results
can be summarised below:
-

Urine -> IBD vs healthy: AUC = 0.78, sensitivity = 0.80, specificity = 0.70.

-

Stool -> IBD vs healthy: AUC = 0.73, sensitivity = 0.70, specificity = 0.90.

The GC-IMS results in faecal VOC analysis can be summarised below:
-

IBD vs healthy: AUC = 0.96, sensitivity = 0.97, specificity = 0.92.

-

UC vs healthy: AUC = 0.95, sensitivity = 1.00, specificity = 0.91.

-

CD vs healthy: AUC = 0.97, sensitivity = 0.94, specificity = 0.96.

-

CD vs UC: AUC = 0.55, sensitivity = 0.17, specificity = 0.96.

-

IBDa vs IBDr: AUC = 0.59, sensitivity = 0.21, specificity = 0.96.
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7.6. Further Work and Future Prospect
The use of VOC analysis for disease diagnosis is getting ever increasingly attractive
with the advances in analytical instruments and machine learning. The studies in chapter 4 and
5 have demonstrated the potential use of breath, urine, and stool VOC analysis in detecting
pancreatic cancer, colorectal cancer, and inflammatory bowel disease. The use of VOC
analysis in disease diagnosis offers a fast, safe, non-invasive, inexpensive way of detection,
making it an attractive alternative. Following up on the findings of these studies, future studies
should be conducted with a larger cohort in a multicentre clinical trial setting. The inclusion
of subjects suspected of have the disease (i.e., having similar symptoms) is also essential to
further understand the VOC profile of targeted disease. Another crucial issue for future VOC
studies to consider is the standardisation of sampling and sample storing procedure that is still
lacking attention in VOC analysis, making it hard to compare the results between published
studies. This is important topic to solve prior to clinical implementation as it will enable us to
really monitor and assess the improvement in VOC analysis technology and eliminate the
possible bias created by variation in sampling and sample storing procedure. This
standardisation will also greatly help speed up the approval process for this technology to be
implemented into clinical setting.

Future research should also focus on pattern recognition for the purpose of diagnostic
testing, since once a disease-specific algorithm has been established, this allows for fast, easyto-perform, high-throughput and low-cost analyses, underlining its suitability for application
in clinical practice. Using machine learning (ML) algorithms for pattern recognition purposes
to detect specific disease is desirable as ML performance improves continuously with
increasing number of samples measured. Once the algorithm reaches satisfactory accuracy,
the device may be implemented not only for population-based screening but also for intraindividual follow-up after polyp or cancer removal. In addition, the lack of standardisation on
ML approaches needs to be addressed to be able to make significant improvement faster as
researcher will easily compare the progress they make to previous study.

Chapter 4 and 5 have shown the capability of urinary VOC analysis in differentiating
healthy, early-, and late-stage pancreatic cancer as well as the potential use of faecal VOC
analysis in the follow-up of polypectomy and IBD activity monitoring. For future research on
follow-up studies, larger cohorts with validated endoscopy outcomes need to be employed in
the surveillance programme. In addition, other biological substances, such as breath in PDAC
and CRC, have previously been shown to hold potential for the discrimination between these
diseases and controls [5] [6]. These substances all have advantages and disadvantages with
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regards to stability of VOC composition, ease of collection, stigma, and influence of
comorbidity. Thus, it would be interesting to compare patient preferences, compliance, costs,
and accuracy of all these substances in one large cohort with simultaneous measurements.
Further studies on the origin of biomarker related disease also needs to be done to complete
the knowledge gap in VOC analysis. Lastly, following the finding of potential use of faecal
VOC analysis in polypectomy, it would be interesting to unravel the underlying entities
causing the differences in faecal VOCs pre- and post-polypectomy.
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Appendix
Table 5.1a. Statistical Analysis of FAIMS Data Using SLR for Pancreatic Cancer Study 1
Statistical

All PDAC vs

All PDAC vs

Early-stage PDAC

Early-stage

parameter

Healthy Control

Healthy Control

vs Healthy Control

PDAC vs Late-

(All data set)

(Testing data set)

0.85 (0.79 – 0.91)
0.77
0.80
0.79
0.77
5.33 x 10-15

0.81 (0.70 – 0.93)
0.87
0.68
0.73
0.84
4.83 x 10-6

AUC
Sensitivity
Specificity
PPV
NPV
p-value

stage PDAC
0.87 (0.81 – 0.94)
0.68
0.89
0.77
0.84
2.73 x 10-12

0.89 (0.81 – 0.97)
0.82
0.89
0.90
0.80
1.64 x 10-11

Table 5.1b. Statistical Analysis of FAIMS Data Using RF for Pancreatic Cancer Study 1
Statistical

All PDAC vs

All PDAC vs

Early-stage PDAC

Early-stage

parameter

Healthy Control

Healthy Control

vs Healthy Control

PDAC vs Late-

(All data set)

(Testing data set)

0.90 (0.85 – 0.95)
0.83
0.84
0.84
0.84
6.93 x 10-19

0.82 (0.72 – 0.92)
0.61
0.94
0.90
0.71
7.02 x 10-6

AUC
Sensitivity
Specificity
PPV
NPV
p-value

stage PDAC
0.91 (0.85 – 0.96)
0.91
0.74
0.66
0.94
3.04 x 10-14

0.89 (0.81 – 0.96)
0.75
0.95 (0.82 – 0.99)
0.94
0.76
1.34 x 10-9

Table 5.1c. Statistical Analysis of FAIMS Data Using GP for Pancreatic Cancer Study 1
Statistical
parameter
AUC
Sensitivity
Specificity
PPV
NPV
p-value

All PDAC vs
Healthy Control
(All data set)
0.84 (0.78 – 0.90)
0.75
0.83
0.81
0.77
4.67 x 10-14

All PDAC vs
Healthy Control
(Testing data set)
0.77 (0.65 – 0.89)
0.84
0.71
0.74
0.81
7.29 x 10-5

Early-stage PDAC
vs Healthy Control
0.84 (0.77 – 0.91)
0.86
0.70
0.61
0.90
1.78 x 10-10

Early-stage
PDAC vs Latestage PDAC
0.91 (0.84 – 0.97)
0.82
0.92
0.92
0.81
2.86 x 10-11

Table 5.2a. GC-IMS Result for PDAC vs All from Pancreatic Cancer Study 2
AUC
Sensitivity
Specificity
PPV
NPV
P-Value

Sparse Logistic Regression
0.68 (0.58 – 0.79)
0.72
0.60
0.52
0.78
4.39 x 10-4

Random Forest
0.62 (0.51 – 0.73)
0.40
0.83
0.59
0.70
1.73 x 10-2

Gaussian Process
0.66 (0.55 – 0.76)
0.77
0.53
0.49
0.79
2.79 x 10-3

Table 5.2b. GC-IMS Result for PDAC vs CP from Pancreatic Cancer Study 2
AUC
Sensitivity
Specificity

Sparse Logistic Regression
0.50 (0.37 – 0.63)
0.47
0.68

Random Forest
0.53 (0.41 - 0.66)
0.35
0.80

Gaussian Process
0.58 (0.45 – 0.71)
0.51
0.73
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PPV
NPV
P-Value

0.61
0.54
4.89 x 10-1

0.65
0.53
3.06 x 10-1

0.67
0.58
1.10 x 10-1

Table 5.2c. GC-IMS Result for PDAC vs Healthy from Pancreatic Cancer Study 2
AUC
Sensitivity
Specificity
PPV
NPV
P-Value

Sparse Logistic Regression
0.88 (0.79 – 0.97)
0.84
0.94
0.95
0.81
1.18 x 10-8

Random Forest
0.82 (0.71 – 0.92)
0.77
0.91
0.92
0.74
1.71 x 10-6

Gaussian Process
0.84 (0.74 – 0.94)
0.79
0.94
0.94
0.77
5.86 x 10-8

Table 5.2d. GC-IMS Result for CP vs Healthy from Pancreatic Cancer Study 2
AUC
Sensitivity
Specificity
PPV
NPV
P-Value

Sparse Logistic Regression
0.82 (0.72 – 0.93)
0.73
0.91
0.91
0.73
1.38 x 10-6

Random Forest
0.81 (0.70 – 0.92)
0.75
0.91
0.91
0.74
3.32 x10-6

Gaussian Process
0.86 (0.77 – 0.95)
0.80
0.91
0.91
0.78
9.79 x10-9

Table 5.3a. Statistical Analysis Result of PDAC vs All Using GC-TOF-MS from Pancreatic
Cancer Study 2
AUC
Sensitivity
Specificity
PPV
NPV
P-Value

Sparse Logistic Regression
0.75 (0.63 – 0.87)
0.52
0.96
0.96
0.51
3.11 x 10-4

Random Forest
0.71 (0.58 – 0.83)
0.48
0.92
0.92
0.48
2.58 x 10-3

Gaussian Process
0.50 (0.37 – 0.64)
0.33
0.92
0.88
0.42
5.27 x 10-1

Table 5.3b. Statistical Analysis Result of PDAC vs Healthy Using GC-TOF-MS from
Pancreatic Cancer Study 2
AUC
Sensitivity
Specificity
PPV
NPV
P-Value

Sparse Logistic Regression
0.86 (0.75 – 0.97)
0.72
0.96
0.95
0.77
1.81 x 10-6

Random Forest
0.79 (0.66 – 0.92)
0.60
0.88
0.83
0.68
3.12 x 10-4

Gaussian Process
0.59 (0.66 – 0.92)
0.60
0.62
0.62
0.60
1.43 x 10-1

Table 5.3c. Statistical Analysis Result of PDAC vs CP Using GC-TOF-MS from Pancreatic
Cancer Study 2
AUC
Sensitivity
Specificity
PPV
NPV
P-Value

Sparse Logistic Regression
0.46 (0.27 – 0.65)
0.33
0.92
0.78
0.61
6.71 x 10-1

Random Forest
0.55 (0.37 – 0.73)
0.38
0.88
0.73
0.62
2.77 x 10-1

Gaussian Process
0.48 (0.31 – 0.66)
0.29
0.83
0.60
0.57
5.76 x 10-1
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Table 5.3d. Statistical Analysis Result of CP vs Healthy Using GC-TOF-MS from Pancreatic
Cancer Study 2
AUC
Sensitivity
Specificity
PPV
NPV
P-Value

Sparse Logistic Regression
0.53 (0.36 – 0.70)
0.62
0.56
0.54
0.64
6.42 x 10-1

Random Forest
0.67 (0.50 – 0.83)
0.38
0.96
0.89
0.65
2.75 x 10-2

Gaussian Process
0.55 (0.38 – 0.72)
0.62
0.57
0.54
0.64
7.23 x 10-1

Table 5.4. All Chemicals Identified Between Groups from Pancreatic Cancer Study 2
PDAC vs CP
RT (min)
Chemicals
1.45
Acetone
4-methyl-12.25
pentene
3.15
ethanethioamide
3.5
2 pentanone
methyl
isobutylene
4
ketone
4.5
3-hexanone

PDAC vs HC
RT (min)
Chemicals
1.45
Acetone

CP vs Healthy
RT (min)
Chemicals
1.45
Acetone

3.45
3.7
4.5

2-pentanone
3 pentanone
3-hexanone

3.45
3.7
4.5

2-pentanone
3 pentanone
3-hexanone

5.35
5.6

5.35
5.6

5.3

3-ethyl-2-Pentene

6.5

4-heptanone
Allyl Isothiocyanate
4-isothiocyanato-1butene

5.85

cyclohexanone
2,6-dimethyloctane

6.75

1,2,4-trimethyl-benzene

6.75

4-heptanone
Allyl Isothiocyanate
4-isothiocyanato-1butene
1,2,4-trimethylbenzene

6.8

2,6-dimethyl-octane

6.8

2-ethyl-1-hexanol
1-ethenyl-2methyl-benzene
4-ethyl-1,2dimethyl-Benzene

6.9

2-ethyl-1-hexanol

6.9

2,6-dimethyl-octane
Benzene, 1-ethenyl-2methyl-

7

2-methyl-decane

7

2-methyl-decane

7.05

7.05

Nonanal
2-methylbenzaldehyde
3,7,11-trimethyl1-dodecanol
1,3,-bis(1,1dimethylethyl)benzene

7.2

undecane
4-ethyl-1,2-dimethylBenzene

7.2

undecane
4-ethyl-1,2-dimethylBenzene

7.5

Nonanal

7.5

Nonanal

7.95

Dodecane

7.95

Dodecane

8

3,7,11-trimethyl-1dodecanol

8

3,7,11-trimethyl-1dodecanol

6.8
6.9
6.95
7.2
7.45
7.6
7.8

8.55

6.5

Table 5.5a. Overview of the Data Generated Using All Five Classifiers Based on the 20 Most
Discriminative Features in Colorectal Cancer Study 2
Classifier
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine

AUC (95% CI)

Sensitivity
CRC versus C
0.94 (0.86-1)
1
0.96 (0.89-1)
1
0.93 (0.83-1)
1
0.94 (0.85-1)
1
0.90 (0.77-1)
1
AA versus C
0.92 (0.86-0.98)
0.96
0.96 (0.93-0.99)
0.96
0.94 (0.90-0.99)
0.95
0.95 (0.90-1)
0.98

Specificity

PPV

NPV

p-value

1
1
1
1
1

0.88
0.88
0.84
0.88
0.88

1
1
1
1
1

<0.001
<0.001
<0.001
<0.001
<0.001

0.90
0.93
0.93
0.92

0.91
0.93
0.93
0.92

0.96
0.96
0.95
0.98

<0.001
<0.001
<0.001
<0.001
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NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest

0.94 (0.90-0.99)
1
0.90
Large non-AA polyps (0.5-1.0 cm) versus C
0.94 (0.90-0.99)
0.97
0.92
0.95 (0.92-0.99)
0.98
0.91
0.95 (0.91-0.99)
0.98
0.91
0.93 (0.88-0.98)
0.98
0.91
0.95 (0.91-0.99)
0.98
0.99
Small non-AA polyps (0.1-0.5 cm) versus C
0.92 (0.89-0.96)
0.97
0.90
0.96 (0.94-0.98)
0.96
0.92
0.94 (0.91-0.98)
1
0.88
0.94 (0.90-0.97)
0.96
0.92
0.93 (0.89-0.97)
0.98
0.90
CRC versus AA
0.61 (0.46-0.76)
0.53
0.75
0.54 (0.38-0.70)
0.98
0.18
0.43 (0.27-0.60)
0.93
0.12
0.44 (0.27-0.61)
0.87
0.18
0.60 (0.46-0.74)
0.51
0.75
CRC versus Large non-AA polyps (0.5-1.0 cm)
0.46 (0.31 – 0.61) 0.81
0.24
0.41 (0.31 – 0.51) 0.06
0.96
0.59 (0.44 – 0.74) 0.94
0.28
0.67 (0.53 – 0.80) 0.81
0.54
0.59 (0.44 – 0.74) 0.94
0.26
CRC versus Small non-AA polyps (0.1-0.5 cm)
0.64 (0.54-0.75)
1
0.373
0.41 (0.37-0.44)
1
0
0.64 (0.51-0.76)
1
0.278
0.61 (0.49-0.74)
0.938
0.349
0.65 (0.55-0.770)
0.875
0.476
AA versus Large non-AA polyps (0.5-1.0 cm)
0.51 (0.41 - 0.61)
0.79
0.33
0.53 (0.43 - 0.63)
0.75
0.36
0.52 (0.42 - 0.62)
0.90
0.22
0.52 (0.42 - 0.62)
0.54
0.56
0.47 (0.37 - 0.57)
0.56
0.5
AA versus Small non-AA polyps (0.5-1.0 cm)
0.55 (0.47-0.644)
0.39
0.72
0.57 (0.49-0.662)
0.71
0.44
0.55 (0.46-0.640)
0.67
0.48
0.52 (0.43.616)
0.31
0.77
0.55 (0.46-0.641)
0.70
0.46
T0 Controls versus T0 Polyp
0.96 (0.907-1)
1
0.96
0.98 (0.946-1)
1
0.96
0.96 (0.907-1)
1
0.96
0.96 (0.907-1)
1
0.96
0.96 (0.904-1)
0.96
0.96
T1 Controls versus T1 Polyp
0.58 (0.43-0.72)
0.28
0.96
0.54 (0.40-0.69)
0.90
0.25
0.54 (0.40-0.69)
0.25
0.96
0.48 (0.34-0.63)
0.65
0.43
0.66 (0.53-0.80)
0.46
0.90
T0 Polyp versus T1 Polyp
0.94 (0.88-0.99)
0.90
0.87
0.93 (0.87-0.99)
0.90
0.90
0.93 (0.86-0.99)
0.90
0.87
0.89 (0.81-0.98)
0.87
0.90
0.95 (0.88-1)
0.90
0.96
T0 Controls versus T1 Controls
0.63 (0.49-0.77)
0.53
0.73
0.58 (0.43-0.72)
0.93
0.26

0.91

1

<0.001

0.93
0.91
0.91
0.91
0.90

0.97
0.98
0.98
0.98
0.98

<0.001
<0.001
<0.001
<0.001
<0.001

0.91
0.93
0.9
0.92
0.91

0.97
0.95
1
0.96
0.98

<0.001
<0.001
<0.001
<0.001
<0.001

0.89
0.82
0.81
0.81
0.89

0.28
0.75
0.33
0.27
0.27

0.077
0.294
0.226
0.756
0.102

0.2
0.25
0.23
0.30
0.23

0.84
0.81
0.95
0.93
0.95

0.704
0.920
0.865
0.981
0.857

0.168
0.113
0.150
0.155
0.175

1
NA
1
0.978
0.968

0.972
0.965
0.966
0.939
0.973

0.56
0.55
0.55
0.57
0.54

0.6
0.58
0.67
0.54
0.52

0.397
0.278
0.323
0.338
0.729

0.41
0.39
0.39
0.41
0.39

0.7
0.75
0.74
0.69
0.75

0.098
0.039
0.114
0.276
0.112

0.97
0.97
0.97
0.97
0.96

1
1
1
1
0.96

<0.001
<0.001
<0.001
<0.001
<0.001

0.81
0.54
0.88
0.53
0.83

0.56
0.82
0.56
0.56
0.63

0.135
0.256
0.259
0.575
0.011

0.87
0.90
0.87
0.90
0.96

0.90
0.90
0.90
0.87
0.91

<0.001
<0.001
<0.001
<0.001
<0.001

0.68
0.57

0.59
0.8

0.035
0.139
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GaussianProcess
SupportVectorMachine
NeuralNet

0.53 (0.38-0.68)
0.47 (0.32-0.62)
0.62 (0.48-0.76)

0.93
0.53
0.40

0.23
0.56
0.86

0.56
0.56
0.76

0.77
0.53
0.57

0.324
0.365
0.043

Abbreviations: CRC, colorectal cancer; AA, advanced adenomas; LGD, low grade dysplasia;
HC, healthy controls; AUC, area under the curve; PPV, positive predictive value; NPV,
negative predictive value.
Table 5.5b. Overview of the Data Generated Using All Five Classifiers Based on the 50
Most Discriminative Features in Colorectal Cancer Study 2
Classifier
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet

AUC (95% CI)

Sensitivity Specificity
CRC versus C
0.96 (0.90-1)
1
0.87
0.98 (0.96-1)
1
0.87
0.96 (0.90-1)
1
0.87
0.98 (0.95-1)
1
0.87
0.93 (0.82-1)
0.938
0.93
AA versus C
0.90 (0.84-0.96)
0.96
0.86
0.95 (0.92-0.99)
0.95
0.93
0.94 (0.9-0.99)
0.95
0.93
0.94 (0.88-0.99)
0.95
0.93
0.92 (0.86-0.97)
0.95
0.93
Large non-AA polyps (0.5-1.0 cm) versus C
0.95 (0.91-0.99)
0.98
0.92
0.97 (0.94-0.99)
0.98
0.91
0.96 (0.92-1)
0.97
0.94
0.95 (0.91-0.99)
0.98
0.92
0.93 (0.88-0.98)
0.98
0.91
Small non-AA polyps (0.1-0.5 cm) versus C
0.94 (0.90-0.98)
1
0.89
0.97 (0.94-0.99)
1
0.88
0.95 (0.92-0.98)
0.98
0.91
0.95 (0.91-0.98)
0.96
0.92
0.93 (0.90-0.97)
0.98
0.91
CRC versus AA
0.60 (0.46-0.74)
0.40
0.87
0.53 (0.37-0.69)
1
0.18
0.47 (0.31-0.64)
0.96
0.12
0.58 (0.41-0.76)
0.90
0.31
0.54 (0.37-0.70)
0.40
0.75
CRC versus Large non-AA polyps (0.5-1.0 cm)
0.520 (0.36-0.67)
0.43
0.64
0.432 (0.32-0.54)
0.06
0.97
0.546 (0.39-0.69)
0.87
0.30
0.582 (0.41-0.74)
0.56
0.60
0.521 (0.37-0.67)
0.87
0.26
CRC versus Small non-AA polyps (0.1-0.5 cm)
0.67 (0.54-0.79)
0.938
0.48
0.40 (0.32-0.47)
1
0
0.57 (0.44-0.71)
0.93
0.34
0.42 (0.28-0.57)
0.62
0.42
0.47 (0.34-0.60)
0.93
0.20
AA versus Large non-AA polyps (0.5-1.0 cm)
0.54 (0.44 – 0.64)
0.85
0.30
0.57 (0.48 – 0.67)
0.76
0.42
0.58 (0.49 – 0.68)
0.34
0.80
0.58 (0.49 – 0.68)
0.60
0.58
0.55 (0.45 – 0.65)
0.72
0.42
T0 Controls versus T0 Polyp

PPV

NPV

p-value

0.88
0.88
0.88
0.88
0.93

1
1
1
1
0.93

<0.001
<0.001
<0.001
<0.001
<0.001

0.87
0.93
0.93
0.93
0.93

0.96
0.95
0.95
0.95
0.95

<0.001
<0.001
<0.001
<0.001
<0.001

0.93
0.91
0.94
0.93
0.91

0.98
0.98
0.97
0.98
0.98

<0.001
<0.001
<0.001
<0.001
<0.001

0.90
0.9
0.91
0.93
0.91

1
1
0.98
0.96
0.98

<0.001
<0.001
<0.001
<0.001
<0.001

0.92
0.83
0.81
0.84
0.86

0.27
1
0.5
0.45
0.24

0.916
0.319
0.389
0.560
0.309

0.22
0.33
0.23
0.25
0.21

0.83
0.81
0.91
0.85
0.9

0.601
0.855
0.718
0.846
0.604

0.18
0.11
0.15
0.12
0.13

0.98
NA
0.97
0.89
0.96

0.987
0.959
0.847
0.824
0.622

0.56
0.58
0.64
0.60
0.57

0.66
0.63
0.53
0.58
0.59

0.202
0.072
0.050
0.047
0.167
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Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet

0.96 (0.90-1)
1
0.96
0.98 (0.94-1)
1
0.96
0.96 (0.90-1)
1
0.96
0.96 (0.90-1)
1
0.96
0.94 (0.86-1)
0.969
0.96
T1 Controls versus T1 Polyp
0.56 (0.42-0.70)
0.87
0.40
0.56 (0.41-0.70)
0.90
0.28
0.53 (0.38-0.67)
0.68
0.46
0.60 (0.46-0.75)
0.81
0.50
0.57 (0.43-0.72)
0.75
0.53
T0 Polyp versus T1 Polyp
0.96 (0.91-1)
0.93
0.90
0.96 (0.92-1)
0.96
0.87
0.95 (0.90-1)
0.96
0.90
0.92 (0.84-1)
0.93
0.93
0.96 (0.90-1)
0.93
0.96
T0 Controls versus T1 Controls
0.75 (0.63-0.87)
0.46
0.96
0.68 (0.54-0.81)
0.56
0.73
0.59 (0.45-0.74)
0.68
0.56
0.62 (0.48-0.76)
0.40
0.86
0.72 (0.59-0.86)
0.71
0.83

0.97
0.97
0.97
0.97
0.96

1
1
1
1
0.96

<0.001
<0.001
<0.001
<0.001
<0.001

0.59
0.55
0.56
0.61
0.61

0.76
0.75
0.6
0.72
0.68

0.182
0.200
0.326
0.072
0.141

0.91
0.88
0.91
0.93
0.96

0.93
0.96
0.96
0.93
0.94

<0.001
<0.001
<0.001
<0.001
<0.001

0.93
0.69
0.62
0.76
0.82

0.63
0.61
0.63
0.57
0.73

0.000
0.008
0.092
0.052
0.001

Abbreviations: CRC, colorectal cancer; AA, advanced adenomas; LGD, low grade dysplasia;
HC, healthy controls; AUC, area under the curve; PPV, positive predictive value; NPV,
negative predictive value.

Table 5.5c. Overview of the Data Generated Using All Five Classifiers Based on the 100 Most
Discriminative Features in Colorectal Cancer Study 2
Classifier
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest

AUC (95% CI)

Sensitivity Specificity
CRC versus C
0.97 (927-1)
1
0.87
0.98 (0.96-1)
1
0.87
0.96 (0.91-1)
1
0.87
0.99 (0.97-1)
1
0.93
1 (1-1)
1
1
AA versus C
0.92 (0.87-0.98)
0.98
0.87
0.95 (0.91-0.99)
0.95
0.93
0.94 (0.88-0.99)
0.95
0.93
0.93 (0.88-0.99)
0.95
0.93
0.91 (0.85-0.97)
0.95
0.93
Large non-AA polyps (0.5-1.0 cm) versus C
0.92 (0.87-0.98)
0.98
0.91
0.96 (0.92-0.99)
0.98
0.91
0.95 (0.91-1)
0.98
0.94
0.93 (0.88-0.99)
0.98
0.94
0.95 (0.90-0.99)
0.98
0.92
Small non-AA polyps (0.1-0.5 cm) versus C
0.95 (0.92-0.98)
0.98
0.91
0.97 (0.95-0.99)
0.95
0.95
0.96 (0.93-0.99)
0.91
0.92
0.96 (0.93-0.99)
0.97
0.94
0.94 (0.90-0.97)
0.98
0.92
CRC versus AA
0.58 (0.41-0.75)
0.48
0.68
0.57 (0.42-0.73)
0.57
0.62

PPV

NPV

p-value

0.88
0.88
0.88
0.94
1

1
1
1
1
1

<0.001
<0.001
<0.001
<0.001
<0.001

0.88
0.93
0.93
0.93
0.93

0.98
0.95
0.95
0.95
0.95

<0.001
<0.001
<0.001
<0.001
<0.001

0.91
0.91
0.94
0.94
0.93

0.98
0.98
0.98
0.98
0.98

<0.001
<0.001
<0.001
<0.001
<0.001

0.91
0.95
1
0.94
0.93

0.98
0.95
0.97
0.98

<0.001
<0.001
<0.001
<0.001
<0.001

0.86
0.86

0.25
0.27

0.153
0.167
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GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet
Sparse logistic regression
RandomForest
GaussianProcess
SupportVectorMachine
NeuralNet

0.48 (0.32-0.64)
0.87
0.18
0.49 (0.32-0.67)
0.87
0.25
0.61 (0.45-0.77)
0.62
0.68
CRC versus Large non-AA polyps (0.5-1.0 cm)
0.49 (0.33-0.65)
0.43
0.64
0.44 (0.32-0.56)
0.06
0.98
0.54 (0.39-0.69)
0.93
0.22
0.57 (0.41-0.74)
0.31
0.82
0.46 (0.30-0.61)
0.5
0.57
CRC versus Small non-AA polyps (0∙1-0∙5 cm)
0.66 (0.52-0.80)
0.68
0.66
0.43 (0.32-0.54)
0.18
0.82
0.46 (0.31-0.60)
0.87
0.19
0.56 (0.38-0.83)
0.5
0.68
0.49 (0.34-0.65)
0.56
0.58
AA versus Large non-AA polyps (0.5-1.0 cm)
0.45 (0.30-0.60)
0.81
0.23
0.41 (0.31-0.51)
0.06
0.95
0.58 (0.44-0.73)
0.93
0.27
0.66 (0.53-0.80)
0.81
0.54
0.58 (0∙43-0.73)
0.93
0.26
AA versus Small non-AA polyps (0.5-1.0 cm)
0.61 (0∙.53-0.69)
0.80
0.45
0.56 (0.47-0.65)
0.32
0.84
0.60 (0.52-0.68)
0.71
0.49
0.56 (0.47-0.65)
0.43
0.69
0.54 (0.45-0.62)
0.57
0.59
T0 Controls versus T0 Polyp
0.96 (0.90-1)
1
0.96
0.97 (0.93-1)
1
0.96
0.96 (0.90-1)
1
0.96
0.96 (0.90-1)
1
0.96
0.94 (0.87-1)
0.96
0.96
T1 Controls versus T1 Polyp
0.56 (0.41-0.70)
0.87
0.31
0.54 (0.40-0.69)
0.90
0.25
0.55 (0.41-0.70)
0.71
0.46
0.58 (0.44-0.73)
0.81
0.46
0.55 (0.40-0.69)
0.56
0.62
T0 Polyp versus T1 Polyp
0.98 (0.95-1)
1
0.90
0.98 (0.95-1)
1
0.84
0.97 (0.95-1)
1
0.87
0.93 (0.85-1)
0.96
0.90
0.98 (0.96-1)
0.96
0.96
T0 Controls versus T1 Controls
0.80 (0.69-0.91)
0.71
0.9
0.85 (0.62-0.87)
0.59
0.86
0.70 (0.57-0.83)
0.53
0.83
0.66 (0.53-0.80)
0.59
0.73
0.77 (0.65-0.89)
0.59
0.93

0.81
0.82
0.88

0.27
0.33
0.31

0.407
0.517
0.081

0.22
0.5
0.22
0.29
0.21

0.83
0.81
0.93
0.83
0.83

0.530
0.792
0.714
0.830
0.692

0.20
0.12
0.12
0.16
0.14

0.94
0.88
0.92
0.91
0.91

0.986
0.852
0.704
0.783
0.515

0.2
0.25
0.23
0.29
0.23

0.84
0.81
0.95
0.92
0.94

0.704
0.920
0.865
0.981
0.857

0.42
0.51
0.41
0.42
0.42

0.81
0.71
0.77
0.71
0.73

0.006
0.070
0.009
0.068
0.181

0.97
0.97
0.97
0.97
0.96

1
1
1
1
0.96

<0.001
<0.001
<0.001
<0.001
<0.001

0.56
0.54
0.57
0.60
0.62

0.71
0.72
0.62
0.71
0.6

0.208
0.260
0.210
0.113
0.243

0.91
0.86
0.88
0.81
0.96

1
1
1
0.96
0.96

<0.001
<0.001
<0.001
<0.001
<0.001

0.88
0.82
0.77
0.70
0.90

0.75
0.66
0.62
0.62
0.68

<0.001
<0.001
0.002
0.002
<0.001

Abbreviations: CRC, colorectal cancer; AA, advanced adenomas; LGD, low grade dysplasia;
HC, healthy controls; AUC, area under the curve; PPV, positive predictive value; NPV,
negative predictive value.
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Table 6.1a Performance Characteristics with Corresponding Area Under the Curve,
Sensitivity, Specificity, Positive and Negative Predictive Value of Faecal Volatile Organic
Compound Analysis for the Discrimination of Irritable Bowel Syndrome, Functional
Abdominal Pain-Not Otherwise Specified, Inflammatory Bowel Disease and Healthy Controls
Using the Supervised Classification Method Sparse Logistic Regression
Analysis
IBS/FAP-NOS
vs IBD
IBS/FAP-NOS
vs CD
IBS/FAP-NOS
vs UC
IBS/FAP-NOS
vs HC
IBS vs FAPNOS
IBD vs HC
UC vs HC
CD vs HC
CD vs UC

p-value

AUC (± 95% CI)

Sensitivity (± 95%
CI)

Specificity (±
95% CI)

PPV

NPV

0.0000002113

0.92 (0.84 – 1)

0.93 (0.68 – 1)

0.8 (0.61 – 0.92)

0.7

0.96

0.001837

0.8 (0.63 - 0.98)

0.8 (0.52 - 0.96)

0.8 (0.52 - 0.96)

0.8

0.8

0.000002405

0.94 (0.84 - 1)

1 (0.78 - 1)

0.87 (0.6 - 0.98)

0.88

1

0.2191

0.57 (0.4 - 0.75)

0.8 (0.52 - 0.96)

0.4 (0.23 - 0.59)

0.4

0.8

0.9504

0.76 (0.44 - 1)

1 (0.69 - 1)

0.6 (0.15 - 0.95)

0.83

1

0.000000000000560
0.0000000005654
0.00000001285
0.05799

0.96 (0.92 - 1)
0.98 (0.94 – 1)
0.95 (0.9 - 1)
0.67 (0.47 – 0.88)

0.93 (0.78 - 0.99)
0.93 (0.68 - 1)
1 (0.78 - 1)
0.6 (0.32 – 0.84)

0.93 (0.78 - 0.99)
0.97 (0.83 - 1)
0.73 (0.54 - 0.88)
0.8 (0.52 – 0.96)

0.93
0.93
0.65
0.75

0.93
0.97
1
0.67

Table 6.1b Performance Characteristics with Corresponding Area Under the Curve,
Sensitivity, Specificity, Positive and Negative Predictive Value of Faecal Volatile Organic
Compound Analysis for the Discrimination of Irritable Bowel Syndrome, Functional
Abdominal Pain-Not Otherwise Specified, Inflammatory Bowel Disease and Healthy Controls
Using the Supervised Classification Method Random Forrest
Analysis
IBS/FAPNOS vs IBD
IBS/FAPNOS vs CD
IBS/FAPNOS vs UC
IBS/FAPNOS vs HC
IBS vs FAPNOS
IBD vs HC
UC vs HC
CD vs HC
CD vs UC

p-value
0.000001351
0.000399
0.000007501
0.2817
0.703
0.0000000003982
0.0000001994
0.000002138
0.52 (0.3 – 0.73)

AUC (±
95% CI)
0.93 (0.85 1)
0.86 (0.72 0.99)
0.96 (0.91 1)
0.55 (0.37 0.74)
0.42 (0.039
- 0.8)
0.96 (0.9 1)
0.96 (0.91 1)
0.92 (0.82 1)
0.52 (0.3 –
0.73)

Sensitivity (± 95%
CI)

Specificity (±
95% CI)
0.83 (0.65 0.94)
0.6 (0.32 0.84)
0.8 (0.52 0.96)
0.4 (0.23 0.59)
0.6 (0.15 0.95)

PPV

NPV

0.74

0.96

0.71

1

0.83

1

0.4

0.8

0.78

0.5

0.93 (0.78 - 0.99)

0.97 (0.83 - 1)

0.97

0.94

0.93 (0.68 - 1)

0.97 (0.83 - 1)

0.93

0.97

0.78

0.96

0.54

1

0.93 (0.68 - 1)
1 (0.78 - 1)
1 (0.78 - 1)
0.8 (0.52 - 0.96)
0.7 (0.35 - 0.93)

0.93 (0.68 - 1)
1 (0.79 – 1)

0.87 (0.69 0.96)
0.13 (0.017 –
0.4)

Page | 191

Table 6.1c Performance Characteristics with Corresponding Area Under the Curve,
Sensitivity, Specificity, Positive and Negative Predictive Value of Faecal Volatile Organic
Compound Analysis for the Discrimination of Irritable Bowel Syndrome, Functional
Abdominal Pain-Not Otherwise Specified, Inflammatory Bowel Disease and Healthy Controls
Using the Supervised Classification Method Gaussian Process
Analysis
IBS/FAPNOS vs IBD
IBS/FAPNOS vs CD
IBS/FAPNOS vs UC
IBS/FAPNOS vs HC
IBS vs FAPNOS
IBD vs HC
UC vs HC
CD vs HC
CD vs UC

p-value
0.00000002613
0.0001617
0.000003275
0.1667
0.5704
0.000000000009127
0.0000000005654
0.0000001173
0.6587

AUC (±
95% CI)
0.94 (0.88 1)
0.87 (0.73 1)
0.94 (0.85 1)
0.59 (0.41 0.77)
0.48 (0.14 0.82)
0.95 (0.88 1)
0.98 (0.94 1)
0.93 (0.86 1)
0.46 (0.24 –
0.67)

Sensitivity (±
95% CI)

Specificity (±
95% CI)
0.87 (0.69 0.96)

PPV

NPV

0.79

1

0.93 (0.68 - 1)

0.8 (0.52 - 0.96)

0.82

0.92

1 (0.78 - 1)

0.87 (0.6 - 0.98)

0.88

1

0.6 (0.32 - 0.84)

0.63 (0.44 - 0.8)

0.45

0.76

0.5 (0.19 - 0.81)

0.8 (0.28 - 0.99)

0.83

0.44

0.93

0.93

0.88

0.97

1 (0.78 - 1)

0.93 (0.78 - 0.99))
0.93 (0.68 - 1)

0.93 (0.78 0.99)
0.93 (0.78 0.99)

0.87 (0.6 - 0.98)

0.9 (0.73 - 0.98)

0.81

0.93

1 (0.78 – 1)

0.067 (0.0017 –
0.32)

0.52

1

Table 6.1d Performance Characteristics with Corresponding Area Under the Curve,
Sensitivity, Specificity, Positive and Negative Predictive Value of Faecal Volatile Organic
Compound Analysis for the Discrimination of Irritable Bowel Syndrome, Functional
Abdominal Pain-Not Otherwise Specified, Inflammatory Bowel Disease and Healthy Controls
Using the Supervised Classification Method Support Vector Machine
Analysis
IBS/FAP-NOS
vs IBD
IBS/FAP-NOS
vs CD
IBS/FAP-NOS
vs UC
IBS/FAP-NOS
vs HC
IBS vs FAPNOS
IBD vs HC
UC vs HC
CD vs HC
CD vs UC

p-value
0.000002783
0.01175
0.00001021
0.2878
0.9354
0.0000000001787
0.00000009573
0.00000001636
0.2062

AUC (±
95% CI)
0.89 (0.78
- 1)
0.74 (0.54
- 0.94)
0.92 (0.79
- 1)
0.45 (0.26
- 0.63)
0.74 (0.42
- 1)
0.92 (0.84
- 1)
0.93 (0.85
- 1)
0.95 (0.88
- 1)
0.59 (0.38
– 0.81)

Sensitivity (±
95% CI)

Specificity (±
95% CI)
0.8 (0.61 0.92)
0.67 (0.38 0.88)

PPV

NPV

0.71

1

0.74

0.91

0.93 (0.68 - 1)

0.93 (0.68 - 1)

0.93

0.93

0.53 (0.27 0.79)

0.57 (0.37 0.75)
0.6 (0.15 0.95)
0.9 (0.73 0.98)
0.93 (0.78 0.99)
0.93 (0.78 0.99)
0.73 (0.45 –
0.92)

0.38

0.71

0.82

0.75

0.9

0.93

0.88

0.97

0.88

0.97

0.69

0.65

1 (0.78 - 1)
0.93 (0.68 - 1)

0.9 (0.55 - 1)
0.93 (0.78 0.99)
0.93 (0.68 - 1)
0.93 (0.68 - 1)
0.6 (0.32 –
0.84)
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Table 6.2a. Statistical Analyses of Faecal VOC Profiles for the Discrimination of IBD
from Controls
Sensitivity

Specificity

[95% CI]

[95% CI]

AUC [95% CI]
SparseLogistic

PPV

NPV

p-value

Threshold

0.53 [0.25-0.81]

0.4 [0.12-0.74]

0.8 [0.44-0.97]

0.67

0.57

0.602

0.140

0.53 [0.24-0.82]

0.3 [0.067-0.65]

1.0 [0.69-1.00]

1.00

0.59

0.425

0.936

0.69 [0.44-0.94]

0.9 [0.55–1.00]

0.5 [0.19-0.81]

0.64

0.83

0.083

0.435

0.60 [0.34-0.86]

0.8 [0.44-0.97]

0.5 [0.19-0.81]

0.62

0.71

0.218

0.618

0.73 [0.47-0.99]

0.7 [0.35-0.93]

0.9 [0.55-1.00]

0.88

0.75

0.038

0.499

Regression
Random Forest
Gaussian
Process
SupportVector
Machine

Neural Network

Here, all the statistical analyses performed on the fecal VOC profiles are listed. For these
analyses, 100 features were used in the 10 fold cross validation. The neural network analysis
is identified as the best performing algorithm for the discrimination of IBD from controls
based on fecal VOC profiles. Abbreviations: AUC, area under the curve; CI, confidence
interval; PPV, positive predictive value; NPV, negative predictive value; IBD, inflammatory
bowel disease; VOC, volatile organic compounds.

Table 6.2b. Statistical Analyses of Urinary VOC Profiles for the Discrimination of IBD from
Controls (100 features 10 fold cross validation)
Sensitivity

Specificity

[95% CI]

[95% CI]

AUC [95% CI]
Sparse

PPV

NPV

p-value

Threshold

logistic
0.78 [0.57-1.00]

0.8 [0.44-0.97]

0.7 [0.35-0.93]

0.73

0.78

0.028

0.502

0.69 [0.44-0.94]

1.0 [0.69–1]

0.5 [0.19-0.81]

0.67

1.00

0.070

0.876

0.35 [0.09-0.61]

0.6 [0.26-0.88]

0.5 [0.19-0.81]

0.55

0.56

0.879

0.542

0.47 [0.19-0.75]

0.4 [0.12-0.74]

0.8 [0.44-0.97]

0.67

0.57

0.604

0.608

0.41 [0.14-0.68]

0.6 [0.26-0.88]

0.5 [0.19-0.81]

0.55

0.56

0.764

0.293

regression
Random forest
Gaussian
Process
Support Vector
Machine

Neural Network

Here, all the statistical analyses performed on the urinary VOC profiles are listed. For these
analyses, 100 features were used in the 10 fold cross validation. The Sparse logistic regression
Page | 193

analysis is identified as the best performing algorithm for the discrimination of IBD from
controls based on fecal VOC profiles. Abbreviations: AUC, area under the curve; CI,
confidence interval; PPV, positive predictive value; NPV, negative predictive value; IBD,
inflammatory bowel disease; VOC, volatile organic compounds.

Table 6.3a. Overview of the Data Generated Using All Five Classifiers Based on the 20 most
Discriminative Features Using All IBD patients
AUC (95% CI)
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest

Sensitivity
IBD versus HC
0.94 (0.90 – 0.98)
0.99
0.95 (0.92 - 0.99)
0.97
0.96 (0.92 – 0.99)
0.99
0.96 (0.93 -0.99)
0.97
0.96 (0.93 – 0.99)
0.97
CD versus HC
0.95(0.91-0.98)
0.97
0.95 (0.92 – 0.99)
0.98
0.95 (0.92 – 0.99)
0.97
0.95 (0.92 – 0.99)
0.97
0.95 (0.90 – 0.99)
0.97
CDa versus HC
0.95 (0.93 - 0.97)
1
0.97 (0.95 - 0.99)
1
0.97 (0.96 - 0.99)
1
0.97 (0.96 - 0.99)
1
0.94 (0.91 - 0.97)
1
CDr versus HC
0.95 (0.92 – 0.97)
1
0.97 (0.95 – 0.99)
1
0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1
UC versus HC
0.95 (0.92 – 0.99)
1
0.96 (0.94 – 0.99)
1
0.96 (0.93 – 0.99)
1
0.96 (0.94 – 0.99)
1
0.96 (0.94 – 0.99)
1
UCa versus HC
0.95 (0.93 - 0.98)
0.97
0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1
0.96 (0.93 – 0.93)
0.99
0.97 (0.95 - 0.99)
1
UCr versus HC
0.94 (0.91 - 0.96)
1
0.96 (0.94 - 0.98)
1
0.96 (0.94 - 0.98)
0.96
0.96 (0.94 - 0.98)
0.96
0.96 (0.94 - 0.98)
0.96
IBDa versus IBDr
0.57 (0.50 - 0.64)
0.27
0.57 (0.50 - 0.64)
0.27
0.57 (0.51 - 0.64)
0.27
0.56 (0.49 - 0.63)
0.26
0.55 (0.48 - 0.62)
0.23
CDa versus CDr
0.50 (0.93 - 0.60)
0.19
0.51 (0.41 - 0.62)
0.28
0.51 (0.40 - 0.61)
0.11
0.51 (0.41 - 0.62)
0.28
0.51 (0.41 - 0.62)
0.26
UCa versus UCr
0.58 (0.41 - 0.75)
0.58
0.64 (0.46 - 0.82)
0.73

Specificity

PPV

NPV

p-value

0.88
0.92
0.97
0.92
0.92

0.97
0.98
0.92
0.98
0.98

0.96
0.89
0.98
0.89
0.89

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.91
0.89
0.92
0.91
0.91

0.94
0.93
0.95
0.94
0.94

0.96
0.97
0.96
0.96
0.96

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.90
0.95
0.95
0.95
0.92

0.71
0.82
0.82
0.82
0.74

1
1
1
1
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.90
0.92
0.94
0.92
0.94

0.67
0.71
0.76
0.72
0.76

1
1
1
1
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.91
0.93
0.92
0.93
0.93

0.88
0.91
0.90
0.91
0.91

1
1
1
1
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.90
0.91
0.90
0.97
0.90

0.67
0.69
0.67
0.68
0.67

0.99
1
1
0.99
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.87
0.90
0.93
0.93
0.93

0.51
0.56
0.66
0.66
0.66

1
1
0.99
0.99
0.99

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.8
0.8
0.8
0.9
0.92

0.8
0.8
0.8
0.8
0.84

0.39
0.39
0.39
0.39
0.39

0.034
0.035
0.025
0.054
0.095

0.9
0.83
1
0.83
0.87

0.79
0.76
1
0.76
0.79

0.37
0.38
0.37
0.38
0.38

0.515
0.425
0.442
0.425
0.406

0.64
0.57

0.79
0.8

0.39
0.47

0.194
0.062
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Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net

0.61 (0.42 - 0.79)
0.63 (0.44 - 0.82)
0.61 (0.44 - 0.78)

0.64
0.67
0.61
CD versus UC
0.55 (0.51 - 0.60)
0.17
0.54 (0.49 - 0.60)
0.14
0.54 (0.49 - 0.60)
0.09
0.54 (0.49 - 0.60)
0.11
0.54 (0.49 - 0.60)
0.16
CDa versus UCa
0.50 (0.37 - 0.63)
0.67
0.52 (0.39 - 0.65)
0.79
0.48 (0.35 - 0.61)
0.952
0.51 (0.38 - 0.64)
0.67
0.48 (0.35 - 0.61)
0.60
CDr versus UCr
0.5 (0.5 - 0.5)
1
0.58 (0.40 - 0.76)
0.29
0.53 (0.35 - 0.70)
0.5
0.57 (0.39 - 0.75)
0.44
0.64 (0.46 - 0.82)
0.71

0.64
0.64
0.643

0.81
0.81
0.8

0.43
0.45
0.41

0.126
0.076
0.117

0.96
0.98
1
0.98
0.94

0.9
0.9375
1
0.92
0.85

0.34
0.36
0.35
0.35
0.35

0.030
0.069
0.077
0.073
0.080

0.45
0.36
0.12
0.45
0.51

0.68
0.68
0.65
0.68
0.68

0.44
0.5
0.57
0.44
0.43

0.496
0.610
0.605
0.463
0.605

0
0.93
0.71
0.79
0.57

0.71
0.91
0.81
0.83
0.8

N/A
0.35
0.37
0.37
0.44

1
0.811
0.624
0.780
0.936

Abbreviations: IBD inflammatory bowel disease; CD, Crohn’s disease; UC, ulcerative colitis;
a, active disease state; r, remission; HC, healthy controls; AUC, area under the curve; PPV,
positive predictive value; NPV, negative predictive value.

Table 6.3b. Overview of the Data Generated Using All Four Classifiers Based on the 50 Most
Discriminative Features Using All IBD patients
AUC (95% CI)
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process

Sensitivity
IBD versus HC
0.95 (0.92 – 0.99)
0.99
0.97 (0.94 – 1)
0.97
0.97 (0.94 – 1)
0.97
0.97 (0.95 – 1)
0.95
0.96 (0.92 – 0.99)
0.96
CD versus HC
0.96 (0.93 – 0.99)
0.96
0.97 (0.95 – 1)
0.97
0.97 (0.94 – 1)
0.97
0.97 (0.95 – 1)
0.98
0.96 (0.92 – 1)
0.97
CDa versus HC
0.96 (0.94 - 0.98)
1
0.97 (0.96 - 0.99)
1
0.97 (0.96 - 0.99)
1
0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1
CDr versus HC
0.96 (0.94 - 0.98)
1
0.97 (0.94 – 0.99)
1
0.97 (0.94 - 0.99)
1
0.97 (0.94 - 0.99)
1
0.97 (0.95 - 0.99)
1
UC versus HC
0.95 (0.92 - 0.99)
1
0.97 (0.94 – 1)
1
0.97 (0.94 – 1)
1
0.97 (0.94 – 1)
1
0.97 (0.94 – 1)
0.98
UCa versus HC
0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1

Specificity

PPV

NPV

p-value

0.91
0.93
0.92
0.95
0.93

0.98
0.98
0.98
0.99
0.98

0.96
0.88
0.88
0.82
0.85

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.93
0.93
0.93
0.92
0.93

0.95
0.95
0.95
0.95
0.95

0.95
0.96
0.96
0.97
0.96

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.92
0.95
0.95
0.94
0.94

0.76
0.82
0.82
0.80
0.80

1
1
1
1
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.91
0.92
0.92
0.93
0.93

0.68
0.71
0.72
0.74
0.74

1
1
1
1
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.91
0.93
0.92
0.91
0.93

0.88
0.91
0.90
0.88
0.91

1
1
1
1
0.99

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.90
0.92
0.91

0.66
0.70
0.69

1
1
1

<0.0001
<0.0001
<0.0001
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Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net

0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1
UCr versus HC
0.95 (0.92 - 0.97)
1
0.97 (0.95 - 0.99)
0.96
0.97 (0.95 - 0.99)
0.96
0.97 (0.95 - 0.99)
0.96
0.97 (0.95 - 0.99)
0.96
IBDa versus IBDr
0.56 (0.50 - 0.63)
0.26
0.57 (0.50 - 0.65)
0.3
0.56 (0.49 - 0.63)
0.24
0.57 (0.50 - 0.64)
0.26
0.53 (0.46 - 0.60)
0.23
CDa versus CDr
0.53 (0.41 - 0.65)
0.18
0.58 (0.44 - 0.70)
0.52
0.56 (0.43 - 0.69)
0.51
0.56 (0.44 - 0.69)
0.58
0.62 (0.50 - 0.74)
0.49
UCa versus UCr
0.57 (0.39 – 0.75)
0.33
0.63 (0.45 – 0.81)
0.82
0.57 (0.36 – 0.78)
0.85
0.56 (0.36 – 0.76)
0.85
0.54 (0.34 – 0.74)
0.82
CD versus UC
0.55 (0.51 - 0.60)
0.17
0.54 (0.49 - 0.60)
0.16
0.54 (0.49 - 0.60)
0.17
0.54 (0.49 - 0.59)
0.17
0.54 (0.49 - 0.59)
0.16
CDa versus UCa
0.50 (0.37 - 0.63)
0.65
0.53 (0.40 - 0.67)
0.79
0.49 (0.36 - 0.63)
0.95
0.51 (0.38 - 0.64)
0.42
0.52 (0.39 - 0.65)
0.60
CDr versus UCr
0.43 (0.25 - 0.61)
0.5
0.45 (0.27 - 0.64)
0.09
0.55 (0.38 - 0.72)
0.5
0.55 (0.36 - 0.73)
0.53
0.50 (0.31 - 0.69)
0.82

0.90
0.91

0.67
0.69

1
1

<0.0001
<0.0001

0.88
0.95
0.95
0.95
0.95

0.52
0.70
0.70
0.70
0.70

1
0.99
0.99
0.99
0.99

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.88
0.85
0.90
0.90
0.88

0.79
0.79
0.81
0.82
0.78

0.39
0.39
0.39
0.39
0.38

0.042
0.028
0.080
0.040
0.215

0.93
0.63
0.67
0.57
0.7

0.83
0.73
0.74
0.72
0.76

0.37
0.41
0.42
0.41
0.42

0.292
0.116
0.171
0.152
0.032

0.86
0.43
0.43
0.43
0.43

0.85
0.77
0.78
0.78
0.77

0.35
0.50
0.55
0.55
0.50

0.230
0.090
0.231
0.261
0.350

0.96
0.96
0.92
0.92
0.92

0.9
0.89
0.83
0.83
0.81

0.36
0.36
0.35
0.35
0.35

0.030
0.072
0.078
0.093
0.088

0.48
0.36
0.15
0.70
0.58

0.69
0.68
0.66
0.71
0.71

0.44
0.50
0.63
0.41
0.45

0.500
0.305
0.540
0.427
0.374

0.57
1
0.79
0.64
0.36

0.74
1
0.85
0.78
0.76

0.32
0.31
0.39
0.36
0.45

0.773
0.691
0.715
0.691
0.500

Abbreviations: IBD inflammatory bowel disease; CD, Crohn’s disease; UC, ulcerative colitis;
a, active disease state; r, remission; HC, healthy controls; AUC, area under the curve; PPV,
positive predictive value; NPV, negative predictive value.

Table 6.3c. Overview of the Data Generated Using All Four Classifiers Based on the 100
Most Discriminative Features Using All IBD patients
AUC (95% CI)
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine

Sensitivity
IBD versus HC
0.96 (0.92 - 0.99)
0.97
0.97 (0.95 - 1)
0.97
0.97 (0.95 - 0.99)
0.98
0.98 (0.95 - 0.99)
0.94
0.97 (0.93 - 0.99)
0.99
CD versus HC
0.97 (0.95 - 1)
0.94
0.98 (0.95 - 1)
0.96
0.98 (0.95 - 1)
0.96
0.97 (0.93 - 1)
0.97

Specificity

PPV

NPV

p-value

0.92
0.95
0.93
0.95
0.92

0.98
0.99
0.98
0.99
0.98

0.87
0.88
0.93
0.80
0.97

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.96
0.93
0.93
0.92

0.97
0.95
0.95
0.95

0.91
0.95
0.95
0.96

<0.0001
<0.0001
<0.0001
<0.0001
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Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net

0.96 (0.93 - 1)

0.98
CDa versus HC
0.96 (0.94 - 0.99)
1
0.98 (0.96 - 1)
1
0.98 (0.96 - 1)
1
0.98 (0.96 - 1)
1
0.97 (0.95 - 0.99)
1
CDr versus HC
0.95 (0.93 - 0.98)
1
0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1
0.97 (0.95 - 0.99)
1
UC versus HC
0.95 (0.91 - 0.99)
1
0.97 (0.93 - 1)
1
0.97 (0.93 - 1)
0.96
0.97 (0.94 - 1)
1
0.97 (0.94 - 1)
0.98
UCa versus HC
0.96 (0.94 - 0.99)
1
0.98 (0.96 - 1)
1
0.98 (0.96 - 1)
1
0.98 (0.96 - 1)
1
0.97 (0.95 - 0.99)
1
UCr versus HC

0.92

0.95

0.97

<0.0001

0.92
0.95
0.95
0.95
0.94

0.74
0.84
0.84
0.84
0.80

1
1
1
1
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.90
0.93
0.93
0.94
0.94

0.67
0.74
0.74
0.76
0.76

1
1
1
1
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.91
0.91
0.95
0.91
0.92

0.88
0.88
0.93
0.88
0.90

1
1
0.97
1
0.99

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.92
0.95
0.95
0.95
0.94

0.74
0.84
0.84
0.84
0.80

1
1
1
1
1

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.95 (0.93 - 0.98)
1
0.97 (0.95 - 0.99)
0.96
0.97 (0.95 - 0.99)
0.96
0.97 (0.95 - 0.99)
0.96
0.97 (0.95 - 0.99)
0.96
IBDa versus IBDr
0.59 (0.51 - 0.67)
0.21
0.59 (0.51 - 0.68)
0.31
0.58 (0.49 - 0.66)
0.43
0.58 (0.49 - 0.67)
0.43
0.57 (0.49 - 0.65)
0.29
CDa versus CDr
0.52 (0.39 - 0.65)
0.72
0.49 (0.36 - 0.62)
0.33
0.54 (0.41 - 0.67)
0.30
0.53 (0.39 - 0.66)
0.88
0.52 (0.39 - 0.64)
0.60
UCa versus UCr
0.63 (0.44 - 0.82)
0.67
0.62 (0.44 - 0.81)
0.85
0.55 (0.34 - 0.77)
0.88
0.50 (0.29 - 0.71)
0.85
0.58 (0.40 - 0.76)
0.82
CD versus UC
0.55 (0.50 - 0.60)
0.17
0.54 (0.49 - 0.60)
0.12
0.54 (0.49 - 0.60)
0.17
0.54 (0.49 - 0.60)
0.17
0.54 (0.49 - 0.59)
0.16
CDa versus UCa
0.52 (0.39 - 0.65)
0.95
0.55 (0.41 - 0.68)
0.54
0.53 (0.40 - 0.66)
0.89
0.53 (0.41 - 0.66)
0.67
0.56 (0.43 - 0.69)
0.72
CDr versus UCr
0.56 (0.37 - 0.75)
0.74
0.53 (0.33 - 0.72)
0.53
0.54 (0.36 - 0.71)
0.41
0.58 (0.41 - 0.76)
0.26
0.59 (0.41 - 0.76)
0.59

0.88
0.95
0.95
0.95
0.95

0.52
0.72
0.72
0.72
0.70

1
0.99
0.99
0.99
0.99

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.96
0.88
0.75
0.75
0.90

0.90
0.82
0.76
0.76
0.84

0.39
0.40
0.41
0.41
0.40

0.019
0.017
0.039
0.038
0.066

0.43
0.77
0.83
0.27
0.57

0.71
0.731
0.771
0.691
0.721

0.45
0.38
0.38
0.53
0.43

0.645
0.562
0.291
0.674
0.606

0.57
0.43
0.43
0.36
0.43

0.79
0.78
0.78
0.76S
0.77

0.42
0.55
0.60
0.50
0.50

0.082
0.094
0.288
0.514
0.191

0.96
0.98
0.92
0.92
0.92

0.90
0.93
0.83
0.83
0.81

0.36
0.35
0.35
0.35
0.35

0.031
0.074
0.078
0.089
0.090

0.18
0.67
0.27
0.48
0.48

0.67
0.74
0.68
0.69
0.71

0.67
0.46
0.60
0.46
0.50

0.607
0.228
0.311
0.308
0.832

0.43
0.64
0.86
1
0.71

0.76
0.78
0.88
1
0.83

0.40
0.36
0.38
0.36
0.42

0.744
0.393
0.653
0.199
0.844
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Abbreviations: IBD inflammatory bowel disease; CD, Crohn’s disease; UC, ulcerative colitis;
a, active disease state; r, remission; HC, healthy controls; AUC, area under the curve; PPV,
positive predictive value; NPV, negative predictive value.

Table 6.3d. Overview of the Data Generated Using All Four Classifiers Based on the 100 Most
Discriminative Features Using Only the Amsterdam UMC Samples

Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net
Sparse Logistic Regression
Random Forest
Gaussian Process
Support Vector Machine
Neural Net

AUC (95% CI)
Sensitivity
IBD versus HC
0.95 (0.91 – 0.98)
0.98
0.97 (0.95 – 0.99)
1
0.96 (0.92 – 0.99)
0.98
0.96 (0.93 – 0.99)
1
0.94 (0.90 – 0.98)
0.98
CD versus HC
0.96 (0.93 – 0.99)
1
0.97 (0.94 – 0.99)
1
0.95 (0.92 – 0.99)
1
0.95 (0.91 – 0.99)
1
0.93 (0.88 – 0.97)
0.93
UC versus HC
0.96 (0.92 – 0.99)
1
0.96 (0.93 – 0.99)
1
0.96 (0.93 – 0.99)
0.96
0.96 (0.93 – 0.99)
1
0.90 (0.85 – 0.96)
0.93
CD versus UC
0.63 (0.53 – 0.74)
0.64
0.58 (0.47 – 0.69)
0.63
0.57 (0.46 – 0.68)
0.59
0.49 (0.38 – 0.60)
0.43
0.53 (0.42 – 0.63)
0.54

Specificity

PPV

NPV

p-value

0.92
0.92
0.94
0.91
0.92

0.92
0.92
0.93
0.91
0.92

0.98
1
0.98
1
0.98

<0.001
<0.001
<0.001
<0.001
<0.001

0.92
0.92
0.92
0.92
0.94

0.85
0.85
0.85
0.85
0.87

1
1
1
1
0.97

<0.001
<0.001
<0.001
<0.001
<0.001

0.90
0.91
0.93
0.91
0.94

0.81
0.83
0.85
0.83
0.86

1
1
0.98
1
0.97

<0.001
<0.001
<0.001
<0.001
<0.001

0.62
0.55
0.65
0.64
0.62

0.63
0.58
0.63
0.54
0.59

0.63
0.59
0.61
0.52
0.57

0.008
0.075
0.106
0.436
0.320

Abbreviations: IBD inflammatory bowel disease; CD, Crohn’s disease; UC, ulcerative colitis;
a, active disease state; r, remission; HC, healthy controls; AUC, area under the curve; PPV,
positive predictive value; NPV, negative predictive value.

Table 7.1. Overview of the best algorithm based on AUC value for each analysis in
every study in this thesis
STUDY

CRC study 2

1
SVM
SLR
SLR
SLR
GP
RF

2
SVM
GP
RF
SLR
GP
RF

IBD study 1

GP

GP

IBD study 2

RF,
SVM
RF

SLR

PDAC study 1
PDAC study 2
CRC study 1

3
RF
SLR
SLR
GP
SVM
RF,
GP,
NN
RF

4
SVM
GP
RF
SLR
SVM
RF

5

SLR
GP
SLR

GP

SLR

Analysis
6
7

8

9

GP

RF

RF

GP

SVM

NN

RF

RF

RF,
SLR

GP,
SLR

SLR,
SVM

SLR

10

11

12

13

RF

NN

NN

SLR

GP
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IBD study 3
IBD study 4

NN
SVM

SLR
RF,
GP

RF

RF

RF,
GP,
SVM
SLR,
RF,
GP,
SVM

RF,
GP,
SVM,
NN
SLR

RF,
GP,
SVM,
NN

RF,
GP,
SVM

RF,
GP,
SVM,
NN

SLR,
RF

GP

SLR

SLR

NN

NN

The column with more than one algorithms indicate that those algorithms have the same
AUC value and are the best compare to others.
Abbreviations: PDAC, Pancreatic Ductal Adenocarcinoma; CRC, Colorectal Cancer; IBD,
Inflammatory Bowel Disease; SLR, Sparse Logistic Regression; GP, Gaussian Process;
SVM, Support Vector Machine; NN, Neural Network.

Table 7.2. Overview of the frequency of each algorithm in all analysis
Classification Algorithm
RF
SLR
GP
SVM
NN

Number of the highest AUC
for every analysis
25
22
22
15
10

Abbreviations: SLR, Sparse Logistic Regression; GP, Gaussian Process; SVM, Support
Vector Machine; NN, Neural Network.

Page | 199

