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Thesis outline 

The main aim of this thesis is to describe the potential of volatile organic compounds 

(VOCs) analysis to gain insight into different aspects of Gastrointestinal (GI) health 

and disease. A schematic overview of the contents and questions addressed in this 

work can be found below (Figure 1). Most of the work described in this thesis is 

devoted to the analysis of VOCs originating in the human body, by collecting and 

measuring breath samples from healthy subjects and from Irritable Bowel Syndrome 

(IBS) and Inflammatory Bowel Disease (IBD) patients. The introduction of this thesis 

will focus first on GI Health and Disease and then on the general background on 

VOCs analysis. In Chapter 2, we systematically access influence of several 

endogenous and exogenous factors on exhaled breath composition. Next, we 

explore whether breath analysis can be used to track dietary changes (Chapter 3) 

and digestion patterns (Chapter 4) in healthy individuals. In Chapter 5, we 

investigate the diagnostic potential of breath analysis to be used in IBS recognition 

by studying samples coming from a well-defined IBS cohort in comparison to GI 

healthy individuals. Here, the relation of potential VOC biomarkers to GI symptoms 

reported in IBS subjects and in 1300 individuals from a general population is studied. 

In Chapter 6, we investigated whether VOCs can accurately differentiate between 

active CD and in remission and become a non-invasive and reliable alternative for 

presently used diagnostic methods. 

In order to gain insight in the in vivo production of VOCs by human cells and its 

influence on the exhaled breath composition, we show the development and 

validation of a system for dynamic collection of headspace air in vitro with the use of 

Caco-2 cell line as model for the intestinal epithelial barrier in Chapter 7.  

Finally, in Chapter 8, the results presented in this thesis, their meaning and future 

perspectives are discussed. It also explains in more detail issues and challenges 

present in breath research. 
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Introduction 

Gastrointestinal Health and Disease 

The subject of gastrointestinal (GI) health and its importance can be traced back to 

different points in the human history. ‘All diseases begin in the gut’ is a famous quote 

thought to be nearly 2500 years old and one of the remaining wisdoms of 

Hippocrates. Long ago, Asian medicine recognized the importance of the abdomen 

believing it to be ´onaka’ - the center of the soul and ‘hara´ - the center of spiritual 

and physical strengths [1]. It was also more than 100 years ago when for the first 

time the connection was made between mental health and our gut. Many 18th and 

19th century scientist believed that autointoxication caused by accumulating waste 

in colon was related to conditions such as depression, anxiety and psychosis [2]. We 

all have heard or used phrases as ‘having a gut feeling’, ‘follow your guts’ or ‘trust 

your gut instinct’. Today the modern advancement in medicine and technology 

clearly shows the evidence on the importance of our GI health, not only to GI health 

per se but to our overall health as well. Increasing knowledge on brain-gut-axis and 

the importance of entire enteric nervous system resulted in the term ‘second brain’. 

Nowadays, it is generally acknowledged that GI health cannot be simply understood 

as a lack of GI disease and that its role is much more than effective digestion and 

absorption of fluids and nutrients. In 2011, Bischoff had attempted to redefine the 

term ‘gut health’ that was repeatedly used in scientific literature and industrial 

environment [3]. Together with the scientific committee he proposed five major 

criteria that might form the basis for a positive definition of gut health.  

These five criteria are:  

(i) effective digestion and absorption of food meaning normal nutritional status and 

effective absorption of minerals, food and water, combined with normal bowel 

movement and no GI complaints  

(ii) absence of GI illness, such as colorectal and other GI cancers, inflammatory 

bowel disease (IBD), coeliac disease (CD), acid peptic disease, acid reflux etc., as 

well as no enzymes deficiencies or carbohydrate intolerances 
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(iii) normal and stable intestinal microbiota, meaning absence of bacterial 

overgrowth, normal composition of microbiota and no GI infections nor antibiotic 

associated diarrhea 

(iv) effective immune status, meaning properly functional GI barrier with normal 

mucus production, normal levels of immune cells, and no allergies or 

hypersensitivities present 

(v) status of well-being with normal quality of life and positive gut feeling, additionally, 

supported by proper serotonin levels and normal function of enteric nervous system. 

The difficulty with those criteria is (in part) the subjectivity of what ‘normal’ means as 

it cannot always be defined by objective parameters. Nevertheless, the Bischoff work 

provides a comprehensive overview of factors worth considering when studying gut 

health. While several of these criteria are very much self-explanatory, two particularly 

interesting entities are considered key in gut homeostasis and should be mentioned 

in more details, namely GI microbiota and GI barrier. 

GI microbiota 

The GI track is the home of over 1014 microbes including bacteria, archaea and 

eukaryote, inhabiting and forming complex mutualistic symbiosis with our body [4]. 

Recently, it has been found that the human to microbial cell ratio is closer to 1:1 [5], 

than the previously reported 1:10 [4, 6]. A balanced and rich microbiota seems to 

play crucial role in our health and general wellbeing. The intestinal microbiota has 

several important functions for the host: i.e., providing colonization resistance, 

influencing the maturation, and functioning of the intestinal epithelium, barrier 

function and the immune system, and possesses a large metabolic capacity. By the 

latter, it results for example in the production of vitamins (e.g., B/K) and beneficial 

short chain fatty acids from carbohydrate fermentation [7]. 

When addressing the intestinal microbiota in relation to disease, it is important to 

first define a ’healthy’ microbiota [8]. This remains however challenging given the 

large interindividual variation. Research did identify ‘common core’ - species that are 
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present in all healthy subjects [9, 10]. This includes well known species or genera 

such as: Bifidilobacterium, Eubacterium, Clostridium, Colinsella, Ruminococcus and 

Streptococcus, Akkermansia muciniphila. Currently, over 25 diseases or syndromes 

have been related to perturbations in intestinal microbiota perturbations, including 

e.g., IBD, IBS [11-13], colorectal cancer [14], obesity [15] and type 2 diabetes [16]. 

In IBD, both Crohn disease (CD) and ulcerative colitis (UC) are associated with 

reduction in diversity of the microbiota. Additionally, CD patients were repeatedly 

reported to have, among others, decreased levels of Faecalibacterium prausnitzii, a 

butyrate producer that is thought to have anti-inflammatory properties in a mouse 

mode [17], as well as increased levels of Enterobacteriaceae [18]. In another study, 

relative abundance levels of a mucus degrading, propionate producing bacterium, 

Akkermansia muciniphila, previously reported as one of the ’common core’, were 10-

fold lowered in CD and 100-fold in UC when compared to healthy individuals [8]. In 

a mouse model, this bacterium had proven to have notably stimulating effects on the 

immune system and barrier function [19, 20]. In IBS, few studies reported the 

decreased levels of Dorea and Ruminococcus when compared to healthy individuals 

who showed increased levels of Bifidobacterium and Faecalibacterium prausnitzii, 

[11-13, 21]. Lactobacillus was reported to be decreased in IBS patients by one 

research group [22] but was increaded in IBS-diarrhoea predominant type (IBS-D) 

as reported by another research group [23]. Altered microbiota was also found in 

diseases like Alzheimer disease [24], Parkinson’s [25], and Rheumatoid arthritis [26]. 

Furthermore, around 70% of children with autistic spectrum disorder (ASD) seem to 

be affected by a form of GI disorder and differences were found in microbial 

composition in a range of autistic spectrum disorders when compared to healthy 

individuals [27-29]. So far it is unclear if an altered microbiota composition is a cause 

or the effect of a disease, but growing evidence points to its direct or indirect relation 

to various underlaying mechanisms.  

Many connections as such are present in the literature but, nevertheless much more 

research needs to be performed to validate these results and to learn more about 

real potential and consequences of gut microbiome perturbations in terms of 

pathophysiology, diagnosis, and treatment of GI disorders. 
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GI Barrier 

The GI barrier consist of a single epithelial layer covered by e.g., mucus, 

antimicrobial peptides, and intestinal microbes and together with the underlying 

immune system forms an important barrier between luminal antigens, such as 

microorganisms and nutrients, and the interior of the body [30]. The immune system 

can discriminate between commensal microorganisms and pathogens, leading to 

immune tolerance and response to invaders, respectively. Antibacterial properties of 

gastric acid, bile and digestive enzymes contribute to the innate defence in the gut. 

The paracellular space is sealed by intercellular tight junctions, gap, and adherence 

junctions as well as desmosomes. Dysfunction of any of these can lead to 

impairment of GI barrier function and increased permeability [31] and is found in 

many diseases. In a previous study for example, it has been shown that ASD often 

coexists with GI complains and increased permeability also known as ‘leaky gut’ [32]. 

Animal models of ASD had confirmed that a ‘leaky gut’ allows the entry of bacterial 

products and toxins to the bloodstream, which can induce inflammation [33] and 

impact brain functions [34]. Several studies have also reported an increased 

permeability in IBD and IBS, especially in diarrhoea-predominant IBS [35], when 

compared to healthy controls [36, 37]. 

Gut disorders and disease 

GI disorders, ranging from mild to severe disease are rather frequent and affect a 

large part of the population. The International Foundation of Gut Disorders (IFFGD) 

states that functional gastrointestinal disorders (FGID) and motility disorders are the 

most common cause of GI disorders in the population. The true prevalence is difficult 

to establish as not all the people that feel gut discomfort seek medical attention. 

Nevertheless, FGID, are one of the most reported disorders worldwide [38, 39], with 

a prevalence up to 10-15%. ‘Functional’ in this context relates to the presence of 

symptoms without clear organic cause. As no structural abnormalities can be seen 

by endoscopy, x-ray, or blood tests, diagnostics is based on symptoms and 

exclusion of other diseases when indicated [38, 40]. In this thesis we focus on IBS 

as a form of FGID. 
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Irritable Bowel Syndrome 

IBS is a heterogeneous disorder with a multifactorial, though not completely 

understood pathophysiology, including alterations in e.g., intestinal motility, visceral 

perception, intestinal microbiota, barrier function, low-grade immune activation, and 

psychosocial factors [41]. The first criteria defined to aid the diagnosis of IBS were 

made by Manning in 1978 [42]. Later, in 1989, The Rome Foundation developed and 

published new criteria for IBS, updated since several times. While the studies in this 

thesis were performed it was Rome III criteria, published in 2006 that were 

considered. The IBS clinically diagnosed subjects from the Maastricht IBS cohort 

were identified in accordance with these criteria. Since then, IV revision was 

completed and released in 2016 [39, 40]. The changes between III and IV criteria 

with regards to IBS [43] will be shortly discussed in the last Chapter 8 of this thesis.  

Nowadays diagnosis of IBS is based on recurrent abdominal pain at least 1 day per 

week, which is associated with changes in stool consistency and frequency and pain 

release before, during or soon after defecation. The symptoms onset must be 

present for at least 6 months. In addition, organic diseases that can mimic IBS-like 

symptoms such as IBD, thyroid dysfunction, enteric infections, celiac disease, and 

colorectal cancer must be excluded. Because the prevalence of organic diseases in 

potential IBS is low and diagnostics tests are often invasive and costly, these 

exclusions are only performed when typical IBS symptoms appear in the presence 

of red flags such as: rectal bleeding, iron deficiency, weight loss and family history 

of organic diseases mentioned earlier.  

Among the general population in Western countries, IBS has a prevalence of up to 

15% based on Rome III criteria [44-46] with a clear female predominance. Soares 

states in her review that IBS can affect even up to one in five people at some point 

in their life [41]. IBS causes a major burden in quality of life and work productivity of 

patients, but also in health care costs [47]. A recently published study reported that 

on average IBS patient misses 2 days of work per month and his productivity suffers 

on average 9 days per month [48].  
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Heterogeneity of IBS is described in the several subtypes based on predominant 

bowel habits i.e., diarrhoea (IBS-D), constipation (IBD-C), a mixed type (IBS-M) and 

undefined one (IBS-U). Even though subtypes can aid adjusting therapeutic 

treatment [49] it has been reported for large number of patients that they change 

over time [50]. Furthermore, most pathophysiological factors were not found to be 

associated with specific subtypes and treatment efficacy is often limited. Therefore, 

it is important to further unravel factors underlying predominant symptoms in IBS. 

In the past decade there was considerable progress in identifying factors associated 

with IBS, such as, diet, antibiotic use, prior infections, and psychological state [51]. 

About 70% of patients consider their symptoms to be food related. Psychological 

state and psychiatric comorbidities, especially depression and anxiety, are 

commonly present among IBS patients (i.e., up to 60%) [52]. These and other factors 

can potentially influence the GI barrier, immune function and the intestinal microbiota 

composition and activity [53]. Furthermore, genetic and epigenetic predisposition to 

IBS is also reported, but that research is still in its infancy stage [54].  

In recent years, several treatment options were proposed for easing IBS symptom 

such as lubiprostone and linaclotide for IBS-C or rifaximin and eluxadoline for IBS-

D, but merely only benefit small number of patients. Moreover, dietary changes may 

be helpful, especially in patients who related their symptoms to ingestion of different 

foods, mainly carbohydrates and fat [55, 56]. A few studies have shown that 

fermentable oligosaccharides, disaccharides, monosaccharides, and polyols 

(FODMAP) may cause bloating and a low FODMAP diet leads to a significant overall 

symptom improvement in about 70% of IBS patients [57, 58]. In the long term, low 

FODMAP diet is associated with an increased risk of developing nutritional 

deficiencies, especially due to a low fiber intake, and the decrease of beneficial 

bacteria and metabolites [59]. The low FODMAP diet should be conducted under 

supervision or education led by experienced dietitian and should include 

reintroduction of an acceptable dose of fermentable food compounds. It is worth 

noting that a general dietary advice for IBS patients as defined by British National 

Institute for Health and Care Excellence, i.e., NICE diet, could be first in line to try as 
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there were no significant differences noticed when both diets were compared [60]. 

This is also in line with the advice from British Dietetic Association in 2016 [61].  

The search for biomarkers in IBS is difficult as no concrete organic cause can be 

determined for this functional disorder. There is, however, more and more evidence 

pointing to subtle organic changes in different biological processes that may be 

involved in IBS aetiology. Markers assessing intestinal permeability, visceral 

hypersensitivity, genetic markers, and markers of inflammations are only some of 

the examples studied while searching for an IBS biomarker [62] but thus far these 

do not apply to all patients. Also, a combination of several serum and genetic 

markers was considered [63]. Unfortunately, so far, neither single or panels of 

potential biomarkers has been accepted for use in clinic and general practice. In 

Chapter 5, we use a holistic, -omics approach to find subtle differences in overall 

volatile profile of individuals with IBS as compared to healthy GI status, and to relate 

these to symptom patterns.  

Inflammatory Bowel Disease 

Crohn’s disease (CD) and ulcerative colitis (UC) are both chronic relapsing 

inflammatory diseases of the gastrointestinal tract - collectively referred to as IBD 

[64]. IBD is generally considered to be result of dysregulated mucosal immune 

response to gut microbes in genetically susceptible individuals [65]. In their review, 

Burirsh et al., have shown that 0.3% of European population suffers from IBD with 

the highest rates reported in Scandinavia and UK. Recent data show that the 

incidence of IBD is increasing [66, 67]. IBD is a lifelong disease and is mainly 

diagnosed in young adulthood. Although it is not exactly clear what triggers the onset 

of IBD, research of Tsianos et al. found associations with smoking, antibiotic use and 

oral contraceptives and/or diet [68]. IBD severely impacts on quality of life (QoL) and 

patients report higher levels of psychiatric distress and anxiety compared to people 

without other chronic disease [69]. Furthermore, IBD is also associated with high 

direct and indirect health care costs. 

In this thesis, in Chapter 6 we focus on CD. While UC is affecting the rectum and 

colon and is limited to inflammation of the epithelial lining of the gut, CD is a 
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transmural inflammatory disease meaning it can affect the full thickness of the gut 

wall and additionally any part of the GI tract [70]. In CD, chronic mucosal 

inflammation can lead to irreversible bowel damage with complications like stenosis 

or fistula [71, 72]. Assessing disease activity is of major importance in improving 

long-term outcome and preventing complications [73]. At present, ileocolonoscopy 

is the gold standard for assessment of active disease, but this is an expensive and 

invasive procedure. In many studies, clinical activity indices have been used, such 

as the Crohn’s Disease Activity Index (CDAI). However, this is not a reliable tool for 

prediction of endoscopic disease activity, as has been shown by Requeiro et al., in 

2011 [74].  Two less invasive biochemical markers are available in clinic today: C-

reactive protein (CRP) and Fecal Calprotectin (FCP). The first one lacks specificity, 

as CRP is a general marker for inflammation, not necessarily linked to the gut. FCP, 

indicative for migration of neutrophiles to the intestinal mucosa, does reflect intestinal 

inflammation but indefinite findings occur in about a quarter of the patients [75]. In 

Chapter 6 we present a study that investigates whether VOCs in exhaled breath can 

accurately differentiate between active CD and remission. 

The ‘Omics’ Era 

Both IBD and IBS would benefit from non-invasive markers for disease diagnosis 

and monitoring. Given the complex multifactorial etiology, combinations of markers 

reflecting various domains should be considered via a holistic approach. ‘Omics’ 

technologies allow for a holistic view and a comprehensive analysis of molecules 

that originate from various cells, tissues or the organism as a whole. Not long ago, 

scientists were accustomed to hypothesis-driven ‘bottom up’ research, where the 

question comes first, followed by examination of interactions between genes, 

proteins, and metabolites in individual cell types [76]. Nowadays a ‘top-down’ 

approach gained popularity, where scientists look for changes on different biological 

levels in a system medicine approach, to capture complexity of human body and find 

leads to new hypothesis [77]. 

The oldest of all omics, genomics, refers to universal collection of genes. It allows 

for identification of genetic variations associated with disease. Reversible 
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modification of DNA and DNA associated proteins are studied by epigenetics. 

Transcriptomics focuses on RNA, molecular intermediate between DNA and 

proteins, while proteomics studies peptides abundances, modification, and 

interactions [77]. An emerging and relatively new field of ‘microbiomics’ studies all 

microorganisms of specific community together (e.g., human skin, gut) and their 

functional potential. Metabolomics, the omics of the biggest interest in this thesis, 

allows for comprehensive analysis of all low-molecular weight (<1kDa) small 

molecules/metabolites produced or present in a biosystem (i.e., cell, biofluid, tissue 

or organism collectively.  Relevant definitions as provided by Goldsmith et al., are 

given in Table 1 [78]. 

 

Term Definition 
Metabolite Small molecules that participate in general metabolic reactions and that are 

required for the maintenance, growth, and normal function of a cell 

Metabolome The complete set of metabolites in an organism 

Metabolomics Identification and quantification of all metabolites in a biologic system 

 
Table 1. Definitions Related to Metabolomics by Goldsmith et.al., [78]. 

 

In contrast to other omics, metabolomics provides a link between genotype and 

phenotype [79], as metabolomics are often the functional endpoints [80]. The 

composition of the metabolome is affected by genome and proteome, as well as, 

environmental and lifestyle factors, medication use, and underlying disease. 

Technical advancements of 1960, when first mathematical methods were introduced 

for modelling metabolism in cells, as well as of 1980, technical developments of 

nuclear magnetic resonance (NMR), can be thought of as a beginning of 

metabolomics era [81]. VOCs are often collectively called volatilome and it is a 

special group of metabolites discussed in more detail below. 
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Volatile organic compounds 

VOCs are low molecular weight, carbon containing molecules that are generally 

characterized by high vapor pressure in room temperature and low solubility in 

aqueous fluid. Thousands of various volatiles belonging to for example alcohols, 

aldehydes, aromatic hydrocarbons, acids, are present in nature and have often an 

important signaling function. For instance, they are produced by plants to provide a 

defense against pathogens and by insects acting as pheromones or as cues for 

finding prey [82, 83]. Isoprene for example is thought to be produced by plants as a 

response to heat and oxidative stress [84].  

In humans, VOCs can be excreted in various biofluids such as urine [85], blood [86], 

saliva [86] or fecal samples [87]. There are two main approaches to study volatile 

metabolites present in or released in biofluids. First, direct sampling of the air 

surrounding the sample (blood, urine, saliva etc.,), called headspaces [85, 86, 88]. 

Secondly, solvent extraction of the volatiles from cells or tissues [89]. The latter 

approach involves purification steps, namely removal of non-volatile compounds and 

as such becomes more complicated and time consuming. 

VOCs in exhaled breath  

Breath is a source of exhaled volatiles and is a therefore a highly interesting 

noninvasive matrix in humans [90] to measure VOCs, and to gain insight into 

metabolic changes due to diseases, diet or other factors. Next to inorganic gases 

(e.g., N2, O2, NO, CO2, and CO) and non-volatile substances (e.g., isoprostanes, 

cytokines) a single breath sample contains hundreds of VOCs occurring in nmol/l-

pmol/l concentrations. Mass Spectrometry based techniques allow the detection of 

hundreds of VOCs per individual and due to intra- and inter-individual differences, 

the total number of VOCs in a series of samples may reach thousands. ‘Breathomics’ 

focuses on health-related VOCs present is one’s breath [91, 92]. The first 

established links between fragrant breath and state of health date back to the times 

of Hippocrates and ancient Greece, around 400 years BC: urine like smell (amines) 

was recognized as a failing kidneys symptom, whereas rotten apple smell (acetone) 

was a sign of uncontrolled diabetes.  
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Many VOCs in exhaled breath are comparable between individuals and as such they 

are discarded as non-informative in a search for biomarkers. The added value lies 

in endogenously produced VOCs from specific perturbed pathophysiological 

processes. For example, VOCs from inflamed tissue and altered metabolic pathways 

enter the blood stream and are subsequently excreted via the lungs due to their low 

solubility. In addition, exhaled VOCs will be affected by the host microbiota either 

through influencing host metabolism or by producing VOCs themselves depending 

on the microbiota composition and the availability of substrates. Differences in 

exhaled VOCs composition due to pathophysiological and metabolic causes may be 

indicative for certain states of health or disease. For example, disproportionally high 

levels of acetone due to ketoacidosis can be indicative of diabetes [93, 94]. Isoprene, 

another highly abundant endogenous VOCs in breath, is a by-product of mevalonate 

pathway of cholesterol biosynthesis [95, 96] and show positive correlation with blood 

cholesterol levels [95]. Another source of endogenous VOCs production results from 

the imbalance between reactive oxygen species and antioxidants that leads to 

oxidation and degradation of for example cell membrane, resulting in changes in 

hydrocarbon levels [97, 98]. Ethane and pentane among others, are often 

hypothesised to be a marker of marker for oxidative stress. Nevertheless, the exact 

mechanism and dynamics for hydrocarbon production is not fully understood and 

findings are inconsistent. To get more insight in the origin and potential relation 

between oxidative stress and its impact on volatile compounds, Chapter 7 shows 

the development and validation of a cell culture system to study such processes in 

vitro. 

As volatiles are widely present all around us, it is important to note that breath 

content can be influenced by different factors including pollution and behavioural 

habits such as diet, smoking, drinking or medication use. For reliable analysis it is 

crucial to acknowledge possible confounders in the search of biologically relevant 

markers. In Chapter 2, we aimed to investigate how age, gender, BMI and other 

personal characteristic influences the profile of exhaled breath. In Chapter 3 and 

Chapter 4, the relation to gluten free diet and ingestion of different milk formula, 

respectively, was studied.  
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Methodology and analytical approach 

A variety of methodological and analytical approaches, including sample collection, 

measurement and analysis are being applied in breath research and these depend 

on the research questions. Advantages and limitations of different approaches are 

discussed in Chapter 8 of this thesis and here only a short introduction to our 

approach is given.  

The methodology implemented in all studies within this thesis was based on the 

collection of total mixed air into 5L polymer Tedlar Bags. Following collection, a 

vacuum pump was used to pre-concentrate the sample and pull the content of the 

bag into stainless-steel two-bed sorption tubes, filled with carbograph 1TD/Carbo-

pack X (Markes International, Llantrisant, UK). Thereafter, tubes were stored at room 

temperature until further analysis via Gas Chromatograph-Mass Spectrometer with 

time-of-flight detector type (GC-tof-MS). Detailed parameters of the method are 

mentioned throughout the chapters of this thesis and have been described more 

extensively by Van Berkel et al., [99]. Before GC-MS data could be analyzed, it must 

have undergone several pre-processing steps. Our preprocessing pipeline includes 

denoising, baseline correction, alignment across all samples, peak picking, 

combining same compounds peaks, as well as, converting peak areas into data 

matrix and this is described in detail by Smolinska et.al., [91]. Variety of machine 

learning tools were used throughout this thesis to analyze the data. Starting with an 

unsupervised exploratory step, including Principal Component Analysis (PCA) for 

visualization purposes and to detect certain outliers, spot potential groupings and 

trends in data points, followed by application of supervised tools. Here, a priori 

knowledge such as sample label, treatment groups and other subject characteristics 

were considered in order to explore existence of correlations in the context of the 

studied objective. In this thesis, Multivariate Analysis of Variance (rMANOVA) in 

Chapter 2 and Chapter 4, Analysis of Variance-PCA (ANOVA-PCA) in Chapter 3, 

Random Forest (RF) in Chapter 5 and Chapter 6.  
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VOCs in headspaces 

To gain insight in the in vivo production of VOCs by human cells, impacting exhaled 

breath composition, in vitro experiments involving relevant cells can be performed. 

Studying VOCs from headspaces of microorganisms and cell cultures can help us 

understand which VOCs are produced in ‘normal’ conditions and how they differ in 

a diseased/stressed environment. Chapter 7 introduces the development and 

validation of the system for continuous collection of headspaces air. The use of air-

liquid interface and Caco-2 cell line allowed mimicking model of intestinal barrier and 

testing which VOCs are released or consumed by cells when compared to cells 

exposed to hydrogen peroxide. The system allows the application of different cell 

lines, as well as different experimental setups including varying exposure times and 

treatment options while preserving cell viability. 

Summary 

As outlined earlier the aim of this thesis is to examine whether VOCs can be 

indicative of gut disorders. For this, I performed a population study using healthy 

persons to identify personal characteristics that influence exhaled VOCs patterns, 

dietary intervention studies in humans to examine the relation between diet and 

exhaled VOCs, clinical studies with IBS and IBD patients to discover diagnostic 

VOCs biomarkers, and an in vitro cellular study to shed light on the relation between 

oxidative stress and VOCs release. Finally, I put the results in perspectives and 

identify the hurdles to move the breath field further with the purpose to implement 

VOCs profiling in the clinical setting.  

 

 

 

 

 



CHAPTER 1

18 
 

References 

1. Yu, F., et al., Traditional Chinese medicine and Kampo: a review from the distant past for the 
future. J Int Med Res, 2006. 34(3): p. 231-9. 

2. Schmidt, C., Mental health: thinking from the gut. Nature, 2015. 518(7540): p. S12-5. 
3. Bischoff, S.C., 'Gut health': a new objective in medicine? BMC Med, 2011. 9: p. 24. 
4. Backhed, F., et al., Host-bacterial mutualism in the human intestine. Science, 2005. 

307(5717): p. 1915-20. 
5. Sender, R., S. Fuchs, and R. Milo, Revised Estimates for the Number of Human and Bacteria 

Cells in the Body. PLoS Biol, 2016. 14(8): p. e1002533. 
6. Gill, S.R., et al., Metagenomic analysis of the human distal gut microbiome. Science, 2006. 

312(5778): p. 1355-9. 
7. Yoshii, K., et al., Metabolism of Dietary and Microbial Vitamin B Family in the Regulation of 

Host Immunity. Frontiers in Nutrition, 2019. 6. 
8. de Vos, W.M. and E.A. de Vos, Role of the intestinal microbiome in health and disease: from 

correlation to causation. Nutr Rev, 2012. 70 Suppl 1: p. S45-56. 
9. Salonen, A., et al., The adult intestinal core microbiota is determined by analysis depth and 

health status. Clin Microbiol Infect, 2012. 18 Suppl 4: p. 16-20. 
10. Jalanka-Tuovinen, J., et al., Intestinal microbiota in healthy adults: temporal analysis reveals 

individual and common core and relation to intestinal symptoms. PLoS One, 2011. 6(7): p. 
e23035. 

11. Salonen, A., W.M. de Vos, and A. Palva, Gastrointestinal microbiota in irritable bowel 
syndrome: present state and perspectives. Microbiology, 2010. 156(Pt 11): p. 3205-15. 

12. Saulnier, D.M., et al., Gastrointestinal microbiome signatures of pediatric patients with irritable 
bowel syndrome. Gastroenterology, 2011. 141(5): p. 1782-91. 

13. Rajilic-Stojanovic, M., et al., Global and deep molecular analysis of microbiota signatures in 
fecal samples from patients with irritable bowel syndrome. Gastroenterology, 2011. 141(5): p. 
1792-801. 

14. Sobhani, I., et al., Microbial dysbiosis and colon carcinogenesis: could colon cancer be 
considered a bacteria-related disease? Therap Adv Gastroenterol, 2013. 6(3): p. 215-29. 

15. Ley, R.E., et al., Microbial ecology - Human gut microbes associated with obesity. Nature, 
2006. 444(7122): p. 1022-1023. 

16. Larsen, N., et al., Gut Microbiota in Human Adults with Type 2 Diabetes Differs from Non-
Diabetic Adults. Plos One, 2010. 5(2). 

17. Sokol, H., et al., Faecalibacterium prausnitzii is an anti-inflammatory commensal bacterium 
identified by gut microbiota analysis of Crohn disease patients. Proc Natl Acad Sci U S A, 
2008. 105(43): p. 16731-6. 

18. Alam, M.T., et al., Microbial imbalance in inflammatory bowel disease patients at different 
taxonomic levels. Gut Pathogens, 2020. 12(1). 

19. Derrien, M., et al., Modulation of Mucosal Immune Response, Tolerance, and Proliferation in 
Mice Colonized by the Mucin-Degrader Akkermansia muciniphila. Front Microbiol, 2011. 2: p. 
166. 

20. Derrien, M., et al., Akkermansia muciniphila gen. nov., sp. nov., a human intestinal mucin-
degrading bacterium. Int J Syst Evol Microbiol, 2004. 54(Pt 5): p. 1469-76. 

21. Kerckhoffs, A.P.M., et al., Lower Bifidobacteria counts in both duodenal mucosa-associated 
and fecal microbiota in irritable bowel syndrome patients. World Journal of Gastroenterology, 
2009. 15(23): p. 2887-2892. 

22. Balsari, A., et al., The fecal microbial population in the irritable bowel syndrome. 
Microbiologica, 1982. 5(3): p. 185-94. 

23. Tana, C., et al., Altered profiles of intestinal microbiota and organic acids may be the origin of 
symptoms in irritable bowel syndrome. Neurogastroenterology and Motility, 2010. 22(5): p. 
512-+. 

24. Karri, S., V. Acosta-Martinez, and G. Coimbatore, Effect of dihydrotestosterone on 
gastrointestinal tract of male Alzheimer's disease transgenic mice. Indian Journal of 
Experimental Biology, 2010. 48(5): p. 453-465. 

25. Braak, H., et al., Idiopathic Parkinson's disease: possible routes by which vulnerable neuronal 
types may be subject to neuroinvasion by an unknown pathogen. J Neural Transm (Vienna), 
2003. 110(5): p. 517-36. 



OUTLINE AND INTRODUCTION

19 
 

26. Scher, J.U. and S.B. Abramson, The microbiome and rheumatoid arthritis. Nat Rev 
Rheumatol, 2011. 7(10): p. 569-78. 

27. Zhang, M., et al., Analysis of gut microbiota profiles and microbe-disease associations in 
children with autism spectrum disorders in China. Sci Rep, 2018. 8(1): p. 13981. 

28. Liu, F., et al., Altered composition and function of intestinal microbiota in autism spectrum 
disorders: a systematic review. Transl Psychiatry, 2019. 9(1): p. 43. 

29. De Angelis, M., et al., Autism spectrum disorders and intestinal microbiota. Gut Microbes, 
2015. 6(3): p. 207-13. 

30. Viggiano, D., et al., Gut barrier in health and disease: focus on childhood. Eur Rev Med 
Pharmacol Sci, 2015. 19(6): p. 1077-85. 

31. Turner, J.R., Intestinal mucosal barrier function in health and disease. Nat Rev Immunol, 
2009. 9(11): p. 799-809. 

32. Quigley, E.M., Leaky gut - concept or clinical entity? Curr Opin Gastroenterol, 2016. 32(2): p. 
74-9. 

33. Pol, O., B. Sanchez, and M.M. Puig, Peripheral effects of opioids in a model of intestinal 
inflammation in mice. Pharmacology, 1996. 53(6): p. 340-50. 

34. Onore, C., M. Careaga, and P. Ashwood, The role of immune dysfunction in the 
pathophysiology of autism. Brain Behav Immun, 2012. 26(3): p. 383-92. 

35. Mujagic, Z., et al., Small intestinal permeability is increased in diarrhoea predominant IBS, 
while alterations in gastroduodenal permeability in all IBS subtypes are largely attributable to 
confounders. Aliment Pharmacol Ther, 2014. 40(3): p. 288-97. 

36. Zhou, Q., et al., MicroRNA-29a regulates intestinal membrane permeability in patients with 
irritable bowel syndrome. Gut, 2010. 59(6): p. 775-84. 

37. Zhou, Q., B. Zhang, and G.N. Verne, Intestinal membrane permeability and hypersensitivity in 
the irritable bowel syndrome. Pain, 2009. 146(1-2): p. 41-6. 

38. Drossman, D.A., The functional gastrointestinal disorders and the Rome III process. 
Gastroenterology, 2006. 130(5): p. 1377-90. 

39. Longstreth, G.F., et al., Functional bowel disorders. Gastroenterology, 2006. 130(5): p. 1480-
91. 

40. Drossman, D.A., Functional Gastrointestinal Disorders: History, Pathophysiology, Clinical 
Features and Rome IV. Gastroenterology, 2016. 

41. Soares, R.L., Irritable bowel syndrome: a clinical review. World J Gastroenterol, 2014. 20(34): 
p. 12144-60. 

42. Manning, A.P., et al., Towards positive diagnosis of the irritable bowel. Br Med J, 1978. 
2(6138): p. 653-4. 

43. Whitehead, W.E., O.S. Palsson, and M. Simren, Irritable bowel syndrome: what do the new 
Rome IV diagnostic guidelines mean for patient management? Expert Rev Gastroenterol 
Hepatol, 2017. 11(4): p. 281-283. 

44. Canavan, C., J. West, and T. Card, The epidemiology of irritable bowel syndrome. Clin 
Epidemiol, 2014. 6: p. 71-80. 

45. Drossman, D.A. and B.C. Lowman, Irritable bowel syndrome: epidemiology, diagnosis and 
treatment. Clin Gastroenterol, 1985. 14(3): p. 559-73. 

46. Palsson, O.S., et al., Prevalence of Rome IV Functional Bowel Disorders Among Adults in the 
United States, Canada, and the United Kingdom. Gastroenterology, 2020. 158(5): p. 1262-+. 

47. Doshi, J.A., et al., Economic burden of irritable bowel syndrome with constipation: a 
retrospective analysis of health care costs in a commercially insured population. J Manag 
Care Spec Pharm, 2014. 20(4): p. 382-90. 

48. Buono, J.L., R.T. Carson, and N.M. Flores, Health-related quality of life, work productivity, 
and indirect costs among patients with irritable bowel syndrome with diarrhea. Health and 
Quality of Life Outcomes, 2017. 15. 

49. Palsson, O.S., J. Baggish, and W.E. Whitehead, Episodic nature of symptoms in irritable 
bowel syndrome. Am J Gastroenterol, 2014. 109(9): p. 1450-60. 

50. Engsbro, A.L., M. Simren, and P. Bytzer, Short-term stability of subtypes in the irritable bowel 
syndrome: prospective evaluation using the Rome III classification. Alimentary Pharmacology 
& Therapeutics, 2012. 35(3): p. 350-359. 

51. Barbara, G., et al., The Intestinal Microenvironment and Functional Gastrointestinal 
Disorders. Gastroenterology, 2016. 150(6): p. 1305-+. 

52. Fond, G., et al., Anxiety and depression comorbidities in irritable bowel syndrome (IBS): a 
systematic review and meta-analysis. European Archives of Psychiatry and Clinical 
Neuroscience, 2014. 264(8): p. 651-660. 



CHAPTER 1

20 
 

53. Rodino-Janeiro, B.K., et al., A Review of Microbiota and Irritable Bowel Syndrome: Future in 
Therapies. Adv Ther, 2018. 35(3): p. 289-310. 

54. Gazouli, M., et al., Lessons learned - resolving the enigma of genetic factors in IBS. Nature 
Reviews Gastroenterology & Hepatology, 2016. 13(2): p. 77-87. 

55. Bohn, L., et al., Self-Reported Food-Related Gastrointestinal Symptoms in IBS Are Common 
and Associated With More Severe Symptoms and Reduced Quality of Life. American Journal 
of Gastroenterology, 2013. 108(5): p. 634-641. 

56. Aguilera-Lizarraga, J., et al., Local immune response to food antigens drives meal-induced 
abdominal pain. Nature, 2021. 

57. Bohn, L., et al., Diet Low in FODMAPs Reduces Symptoms of Irritable Bowel Syndrome as 
Well as Traditional Dietary Advice: A Randomized Controlled Trial. Gastroenterology, 2015. 
149(6): p. 1399-+. 

58. Staudacher, H.M., et al., Comparison of symptom response following advice for a diet low in 
fermentable carbohydrates (FODMAPs) versus standard dietary advice in patients with 
irritable bowel syndrome. Journal of Human Nutrition and Dietetics, 2011. 24(5): p. 487-495. 

59. Hill, P., J.G. Muir, and P.R. Gibson, Controversies and Recent Developments of the Low-
FODMAP Diet. Gastroenterol Hepatol (N Y), 2017. 13(1): p. 36-45. 

60. Eswaran, S.L., et al., A Randomized Controlled Trial Comparing the Low FODMAP Diet vs. 
Modified NICE Guidelines in US Adults with IBS-D. American Journal of Gastroenterology, 
2016. 111(12): p. 1824-1832. 

61. McKenzie, Y.A., et al., British Dietetic Association systematic review and evidence-based 
practice guidelines for the dietary management of irritable bowel syndrome in adults (2016 
update). Journal of Human Nutrition and Dietetics, 2016. 29(5): p. 549-575. 

62. Corsetti, M., L. Van Oudenhove, and J. Tack, The quest for biomarkers in IBS-where should it 
lead us? Neurogastroenterology and Motility, 2014. 26(12): p. 1669-1676. 

63. Lembo, A.J., et al., Use of serum biomarkers in a diagnostic test for irritable bowel syndrome. 
Alimentary Pharmacology & Therapeutics, 2009. 29(8): p. 834-842. 

64. Baumgart, D.C. and W.J. Sandborn, Crohn's disease. Lancet, 2012. 380(9853): p. 1590-605. 
65. Burisch, J., et al., The burden of inflammatory bowel disease in Europe. Journal of Crohns & 

Colitis, 2013. 7(4): p. 322-337. 
66. van den Heuvel, T.R.A., et al., A 20-Year Temporal Change Analysis in Incidence, Presenting 

Phenotype and Mortality, in the Dutch IBDSL Cohort-Can Diagnostic Factors Explain the 
Increase in IBD Incidence? J Crohns Colitis, 2017. 11(10): p. 1169-1179. 

67. Jeuring, S.F.G., et al., Epidemiology and Long-term Outcome of Inflammatory Bowel Disease 
Diagnosed at Elderly AgeAn Increasing Distinct Entity? Inflammatory Bowel Diseases, 2016. 
22(6): p. 1425-1434. 

68. Tsianos, E.V., K.H. Katsanos, and V.E. Tsianos, Role of genetics in the diagnosis and 
prognosis of Crohn's disease. World J Gastroenterol, 2011. 17(48): p. 5246-59. 

69. Graff, L.A., et al., The relationship of inflammatory bowel disease type and activity to 
psychological functioning and quality of life. Clin Gastroenterol Hepatol, 2006. 4(12): p. 1491-
1501. 

70. Boye, B., et al., INSPIRE study: does stress management improve the course of inflammatory 
bowel disease and disease-specific quality of life in distressed patients with ulcerative colitis 
or Crohn's disease? A randomized controlled trial. Inflamm Bowel Dis, 2011. 17(9): p. 1863-
73. 

71. Lichtenstein, G.R., et al., Management of Crohn's disease in adults. Am J Gastroenterol, 
2009. 104(2): p. 465-83; quiz 464, 484. 

72. Boyapati, R., J. Satsangi, and G.T. Ho, Pathogenesis of Crohn's disease. F1000Prime Rep, 
2015. 7: p. 44. 

73. Bodelier, A.G.L., et al., Volatile Organic Compounds in exhaled air as novel marker for 
disease activity in Crohn’s disease: A metabolomic approach. , in Inflammatory Bowel 
Disease. 

74. Regueiro, M., et al., Crohn's disease activity index does not correlate with endoscopic 
recurrence one year after ileocolonic resection. Inflamm Bowel Dis, 2011. 17(1): p. 118-26. 

75. Bodelier, A.G., et al., Volatile Organic Compounds in Exhaled Air as Novel Marker for 
Disease Activity in Crohn's Disease: A Metabolomic Approach. Inflamm Bowel Dis, 2015. 
21(8): p. 1776-85. 

76. Buriani, A., et al., Omic techniques in systems biology approaches to traditional Chinese 
medicine research: present and future. J Ethnopharmacol, 2012. 140(3): p. 535-44. 



OUTLINE AND INTRODUCTION

21 
 

77. Hasin, Y., M. Seldin, and A. Lusis, Multi-omics approaches to disease. Genome Biol, 2017. 
18(1): p. 83. 

78. Goldsmith, P., et al., Metabonomics: a useful tool for the future surgeon. J Surg Res, 2010. 
160(1): p. 122-32. 

79. Fiehn, O., Metabolomics--the link between genotypes and phenotypes. Plant Mol Biol, 2002. 
48(1-2): p. 155-71. 

80. Smolinska, A., et al., NMR and pattern recognition methods in metabolomics: from data 
acquisition to biomarker discovery: a review. Anal Chim Acta, 2012. 750: p. 82-97. 

81. Nicholson, J.K. and J.C. Lindon, Systems biology - Metabonomics. Nature, 2008. 455(7216): 
p. 1054-1056. 

82. Rowan, D.D., Volatile metabolites. Metabolites, 2011. 1(1): p. 41-63. 
83. Pichersky, E. and J. Gershenzon, The formation and function of plant volatiles: perfumes for 

pollinator attraction and defense. Curr Opin Plant Biol, 2002. 5(3): p. 237-43. 
84. Vickers, C.E., et al., A unified mechanism of action for volatile isoprenoids in plant abiotic 

stress. Nat Chem Biol, 2009. 5(5): p. 283-91. 
85. Pierce, S.K., H.L. Gearhart, and D. Payne-Bose, The analysis of human breath and urine for 

organic components with chromatographic and mass spectrometric techniques: A review. 
Talanta, 1977. 24(8): p. 473-81. 

86. Ashley, D.L., et al., Measurement of volatile organic compounds in human blood. Environ 
Health Perspect, 1996. 104 Suppl 5: p. 871-7. 

87. Garner, C.E., et al., Volatile organic compounds from feces and their potential for diagnosis of 
gastrointestinal disease. Faseb Journal, 2007. 21(8): p. 1675-1688. 

88. Garner, C.E., et al., Volatile organic compounds from feces and their potential for diagnosis of 
gastrointestinal disease. FASEB J, 2007. 21(8): p. 1675-88. 

89. Soini, H.A., et al., Analysis of volatile organic compounds in human saliva by a static sorptive 
extraction method and gas chromatography-mass spectrometry. J Chem Ecol, 2010. 36(9): p. 
1035-42. 

90. Popov, T.A., Human exhaled breath analysis. Ann Allergy Asthma Immunol, 2011. 106(6): p. 
451-6; quiz 457. 

91. Smolinska, A., et al., Current breathomics--a review on data pre-processing techniques and 
machine learning in metabolomics breath analysis. J Breath Res, 2014. 8(2): p. 027105. 

92. Miekisch, W., J.K. Schubert, and G.F. Noeldge-Schomburg, Diagnostic potential of breath 
analysis--focus on volatile organic compounds. Clin Chim Acta, 2004. 347(1-2): p. 25-39. 

93. Laffel, L., Ketone bodies: a review of physiology, pathophysiology and application of 
monitoring to diabetes. Diabetes Metab Res Rev, 1999. 15(6): p. 412-26. 

94. Barnett, D., C.N. Tassopoulos, and T.R. Fraser, Breath acetone and blood sugar 
measurements in diabetes. Clin Sci, 1969. 37(2): p. 570. 

95. Karl, T., et al., Human breath isoprene and its relation to blood cholesterol levels: new 
measurements and modeling. J Appl Physiol (1985), 2001. 91(2): p. 762-70. 

96. Turner, C., P. Spanel, and D. Smith, A longitudinal study of breath isoprene in healthy 
volunteers using selected ion flow tube mass spectrometry (SIFT-MS). Physiol Meas, 2006. 
27(1): p. 13-22. 

97. Ratcliffe, N., et al., A mechanistic study and review of volatile products from peroxidation of 
unsaturated fatty acids: an aid to understanding the origins of volatile organic compounds 
from the human body. J Breath Res, 2020. 14(3): p. 034001. 

98. Kneepkens, C.M., G. Lepage, and C.C. Roy, The potential of the hydrocarbon breath test as 
a measure of lipid peroxidation. Free Radic Biol Med, 1994. 17(2): p. 127-60. 

99. Van Berkel, J.J., et al., Development of accurate classification method based on the analysis 
of volatile organic compounds from human exhaled air. Journal of chromatography. B, 
Analytical technologies in the biomedical and life sciences, 2008. 861(1): p. 101-7. 

100. Baranska, A., et al., Dynamic collection and analysis of volatile organic compounds from the 
headspace of cell cultures. J Breath Res, 2015. 9(4): p. 047102. 

101. Bos, L.D., P.J. Sterk, and M.J. Schultz, Volatile metabolites of pathogens: a systematic 
review. PLoS Pathog, 2013. 9(5): p. e1003311. 

102. Boots, A.W., et al., Identification of microorganisms based on headspace analysis of volatile 
organic compounds by gas chromatography-mass spectrometry. J Breath Res, 2014. 8(2): p. 
027106. 

103. Taylor, C., et al., Analysis of Listeria using exogenous volatile organic compound metabolites 
and their detection by static headspace-multi-capillary column-gas chromatography-ion 



CHAPTER 1

22 
 

mobility spectrometry (SHS-MCC-GC-IMS). Anal Bioanal Chem, 2017. 409(17): p. 4247-
4256. 

104. Nizio, K.D., et al., In vitro volatile organic compound profiling using GCxGC-TOFMS to 
differentiate bacteria associated with lung infections: a proof-of-concept study. J Breath Res, 
2016. 10(2): p. 026008. 

105. Filipiak, W., et al., TD-GC-MS analysis of volatile metabolites of human lung cancer and 
normal cells in vitro. Cancer Epidemiol Biomarkers Prev, 2010. 19(1): p. 182-95. 

106. Filipiak, W., et al., Release of volatile organic compounds (VOCs) from the lung cancer cell 
line CALU-1 in vitro. Cancer Cell Int, 2008. 8: p. 17. 

107. Mochalski, P., et al., Release and uptake of volatile organic compounds by human 
hepatocellular carcinoma cells (HepG2) in vitro. Cancer Cell Int, 2013. 13(1): p. 72. 

108. Sponring, A., et al., Analysis of volatile organic compounds (VOCs) in the headspace of NCI-
H1666 lung cancer cells. Cancer Biomark, 2010. 7(3): p. 153-61. 

109. Sponring, A., et al., Release of volatile organic compounds from the lung cancer cell line NCI-
H2087 in vitro. Anticancer Res, 2009. 29(1): p. 419-26. 

110. Wang, Y., et al., The analysis of volatile organic compounds biomarkers for lung cancer in 
exhaled breath, tissues and cell lines. Cancer Biomark, 2012. 11(4): p. 129-37. 

111. de Lacy Costello, B., et al., A review of the volatiles from the healthy human body. J Breath 
Res, 2014. 8(1): p. 014001. 

112. Boots, A.W., et al., The versatile use of exhaled volatile organic compounds in human health 
and disease. J Breath Res, 2012. 6(2): p. 027108. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



23 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



24 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 



25 
 

 
 

 
 
 
 
 
 
 
 
 
Chapter 2 

Factors that influence the volatile organic compound 
content in human breath 
L. Blanchet, A. Smolinska, A. Baranska, E. Tigchelaar, M. Swertz, A. Zhernakova, J.W. Dallinga, C. 
Wijmenga, F. J. van Schooten 
Journal of Breath Research 11 (2017) 016013 

 

Chapter 2: Factors that influence the volatile organic compound content in human breath 
 

 

 

 
 
 
 
 
 



CHAPTER 2

26 
 

Abstract  
 

Background: Thousands of endogenous and exogenous volatile organic 

compounds (VOCs) are excreted in each breath. Inflammatory and deviant 

metabolic processes affect the level of endogenous VOCs, which can serve as 

specific biomarkers for clinical diagnosis and disease monitoring. Important issues 

that still need to be tackled are related to potential confounding factors like gender 

and age and endogenous and exogenous factors, like smoking.  

Methods: The aim of this study was to systematically access the effect of 

endogenous and exogenous factors on VOC composition of exhaled breath. In the 

current study breath samples from 1417 adult participants from the LifeLines cohort, 

a general population cohort in the Netherlands, were collected and the total content 

of VOCs was measured using Gas Chromatography-time-of-flight-Mass 

Spectrometry. Breath samples were collected in Groningen and transferred to 

carbon tubes immediately. These samples were then shipped to Maastricht and 

measured in batches. VOCs profiles were correlated to 14 relevant characteristics 

of all participants including age, BMI, smoking and blood cell counts and metabolic 

parameters as well as to 16 classes of medications.  

Results: VOCs profiles were shown to be significantly influenced by smoking 

behavior and to a lesser extent by age, BMI and gender. These factors need to be 

controlled for in breath analysis studies. We found no evidence whatsoever in this 

1417 subjects' cohort that white blood cell counts, cholesterol or triglycerides levels 

have an influence on the VOC profile. Thus, they may not have to be controlled for 

in exhaled breath studies.  

Conclusion: The large cohort of volunteers used here represents a unique 

opportunity to gauge the factors influencing VOCs profiles in a general population 

i.e., the most clinically relevant population. Classical clinical parameters and 

smoking habits clearly influence breath content and should therefore be accounted 

for in future clinical studies involving breath analysis. 
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Introduction 

With each single breath, humans exhale hundreds of different molecules [1, 2]. 

These volatile molecules are excreted via the lungs but originate from multiple 

sources: exposure to ambient air, lung tissues, bacterial infections, blood stream. 

Via the latter, Volatile Organic Compounds (VOCs) in exhaled air are reflecting the 

overall metabolism and thus can be influenced by key players such as liver 

metabolism, nutrition, and disease activity. Sampling exhaled breath is completely 

non-invasive, and it can be performed very frequently and rapidly. For these reasons’ 

breath analysis has a tremendous potential for clinical diagnosis and monitoring [3-

5]. 

Respiratory diseases are intuitively related to exhaled air analysis. Indeed, breath 

VOCs content has been shown to be affected by respiratory diseases such as 

asthma [6-9], cystic fibrosis [10, 11], COPD [12-15] and tuberculosis [16-19]. Further 

efforts have been invested in detecting infectious diseases [20-23] and identifying 

VOCs specific to pathogenic bacteria [24-27]. Also, lung cancer has been a topic of 

interest since the early days of breath analysis [28-30]. Next to the respiratory tract 

exhaled air also carries information from other internal organs. Through oxidative 

stress, breath markers have been related to cardiac diseases [31, 32]. Candidate 

biomarkers in breath have been reported for breast cancer [33] and liver diseases 

[34] such as NASH [35-37]. Gastro-intestinal diseases such as Inflammatory Bowel 

Diseases [38-42] and more specifically Crohn’s disease [43, 44] can be detected and 

monitored via analysis of exhaled air.  

Any application of exhaled air to diagnostics is confronted with the question of 

possible confounders. To evaluate the potential of e.g., a breath biomarker 

adequately, one should know the influence of possible confounders on exhaled air 

content. The effect of smoking, an obvious factor influencing breath content, has 

been demonstrated several times previously. Thus, each study involving breath air 

analysis takes smoking habit into account during the process of study design. 

Numerous activities may result in high levels of exogenous compounds in exhaled 

air, e.g. high-exposure professions [45], the use of consumer products (make‐up, 
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soaps, household cleaners, and pesticides), or even showering with city water 

(halogens [46-48]). Previous and current uptake of environmental air has been 

demonstrated as a factor influencing the content of exhaled air if used for diagnostic 

purposes [49, 50]. In a recent publication by Das et al. [51] gender differences were 

demonstrated in excreted VOCs profiles measured by two-dimensional Gas 

Chromatography-time-of-flight Mass Spectrometry. However, until now many other 

parameters, such as age, Body Mass Index (BMI), blood and biomedical parameters, 

physical health and medications have not been considered and tested as possible 

confounders in breath analysis.  

The objective of this study is to evaluate the influence of possible confounders in 

breath analysis and to identify the associated molecules. We take advantage of the 

unique opportunities offered by the LifeLines cohort [52]: the high number of 

volunteers increase the statistical power, thus allowing us to investigate subtle 

changes such as variations in VOCs levels in relation to clinical parameters. The 

objective of this general population screening is to study ageing, disease 

development, and general well-being using (epi)genetic, biomedical, environmental, 

and psychosocial tools. A subset of this cohort consisting of 1417 individuals [53] 

has been selected for a more exhaustive characterization in relation to healthy 

ageing, disease development and general well-being. This subcohort (LifeLines 

Detailed Extensive Examination of Participants (LL DEEP) allows for the estimation 

of the influence on breath content of various factors such as age, gender, BMI and 

physical health but also of more specific ones such as blood parameters, as 

represented in Figure 1. Such influence can be characterized in two distinct ways. 

One can search for statistically significant differences between groups e.g., males 

versus females. In such a situation, classical hypothesis testing (i.e., involving the 

test of a null hypothesis against an alternative hypothesis) is suitable. However, the 

existence of a statistical difference between means (as usually tested e.g., by t-test) 

does not necessarily imply that the total population can really be divided into sub-

groups. A more critical question to answer to is: does the factor lead to subdivisions 

of the total population? From now on, we will distinguish between the classical 

statistical difference (i.e., statistical testing) and the stronger case of discrimination 
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(i.e., subdivision into groups). We demonstrate that breath content, indeed, reflects 

our metabolic status and that often the usual biological confounders are not playing 

a critical role in the variation observed in breath analysis. 

 

 

Figure 1. Exogenous and endogenous factors potentially affecting VOCs concentration in breath. 

Materials and Methods 

A detailed description of the material and methods is provided in the supplementary 

information. 

Cohort description (demographics) 

LL DEEP is a population-based prospective cohort. Part of this cohort encompasses 

individuals before the onset of any disease, allowing for (early) biomarkers 

discovery. First, individuals aged 25-50 years old are invited by their general 

practitioner to participate in the longitudinal LifeLines study. Upon inclusion, family 

members of the participants are also invited to participate. From April to August 

2013, a subset of 1417 participants was selected for a more thorough screening: LL 

DEEP [53]. LL DEEP is not investigating longitudinal aspects but rather dives in a 

more exhaustive molecular screening. LL DEEP original purpose is to focus on the 

characterization of gastrointestinal-health-related problems like irritable bowel 

syndrome. Three additional tubes of blood and exhaled air were collected during the 
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participant’s visit to the LifeLines site. Participants’ characteristics are presented in 

Table 1. 

The LifeLines DEEP study was approved by the ethics committee of the University 

Medical Centre Groningen (document number METC UMCG LLDEEP: 

M12.113965). All participants signed an informed consent prior to enrolment. 

 

Factor Distribution 

Gender 58% (822) ♀ 42% (521) ♂ 

Age 46 ± 20 

BMI 24.5 ± 5.0 

Smoking habits 20% (284) Smokers, 
31% (439) Ex-smokers, 
49% (694) Non-smokers 

Total Cholesterol (mmol/l) 4.9 ± 1.4 

HDL (mmol/l) 1.5 ± 0.6 

LDL (mmol/l) 3.0 ± 1.2 

Triglycerides (mmol/l) 0.94 ± 0.67 

Neutrophils (10 billion/l) 2.83 ± 1.28 

Basophils (10 billion/l) 0.3 ± 0.4 

Monocytes (10 billion/l) 0.48 ± 0.18 

Total white blood cells (10 billion/l) 5.4 ± 1.9 

Contraception 29% (238) of ♀ 

 

Table 1. Demographics and other characteristics of the LL DEEP cohort. Values reported are the 
median ± interquartile range. 
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Sampling and breath analysis 

Volunteers breathe through a mouthpiece connected to the valve of a resistance-

free 3L Tedlar bag (SKC Ltd, Dorset, UK). The content of the plastic bags is 

transferred using a pump with constant flow to a stainless-steel two-bed sorption 

tube filled with carbograph 1TD/Carbopack X (Markes International, Llantrisant, 

Wales, UK), within 1h after collection. The breath samples were measured in 

batches within 2 weeks after collection by gas chromatography-time of flight-mass 

spectrometry (GC-tof-MS) [54].  The volatile compounds were first released from the 

sorption tubes by thermal desorption and loaded onto a cold sorption trap, from 

which they were injected on the column for the GC-tof-MS analysis. The temperature 

of the GC (Thermo Fischer Scientific, Austin, USA, column: Restek RTX-5ms, 

30mx0.25mm ID, coated with 1.0μm HP-5 phase) was programmed as follows: first 

40°C for 5 minutes then it was increased by 10°C/min until 270°C. This temperature 

was maintained for 5 minutes. Electron ionization at 70eV was used with 5Hz 

scanning rate over a mass range of 35-350. 

Data analysis 

Before the statistical analysis, the raw GC-tof-MS data were preprocessed [55, 56]. 

A list of chromatographic peaks was established for each chromatogram. The final 

data table summarized the information acquired on 1417 individuals and 678 

chemical compounds. To be retained a VOC has to be present in at least 20% of the 

samples. Probabilistic quotient normalization was applied [57] to suppress any effect 

related to the different dilution of the samples. Note that this normalization step does 

not correct for completely missing peaks/compounds. To complete the final data 

table batch differences as a result of variations in sampling and/or instrumental 

performance are corrected for and outliers are detected and subsequently removed. 

More details are provided in supplementary information. 

Multivariate Analysis Of Variance (MANOVA) was applied for statistical hypotheses 

testing. When the number of studied compounds is much larger than the number of 

available individuals (e.g., women taking contraception) a regularized version of 

MANOVA (rMANOVA) is employed [58]. To estimate p-values we evaluated the 
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distribution of the test statistic using the sequential permutation test strategy [59]. 

The maximal number of permutations was set to 1000. Note that for practical reasons 

we limit ourselves to the study of the main effects and do not consider any possible 

interactions terms (e.g., gender-neutrophils level interaction). If a difference between 

groups is detected, it can be visualized using a score plot of the canonical variates 

(CVs) estimated by MANOVA. A canonical variate represents the linear 

combinations of the measured VOCs which maximize the difference between the 

means of the tested groups. Discriminant analysis was performed using Random 

Forests (RF) [60]. All calculations were performed using Matlab R2013a (Statistics 

Toolbox).  

The putative chemical identification of the most relevant VOCs was done based on 

spectrum recognition using the National Institute of Standards and Technology 

(NIST) mass spectral library. This automated identification is further checked by an 

experienced mass-spectrometrist taking into account both mass spectra and 

retention times. 

Results and Discussion 

We observed that gender, age, BMI and smoking significantly affect the breath 

profile but only smokers vs non-smokers lead to a clear separation of the population 

into (non-overlapping) groups. All results are summarized in Table 2. 

Smokers vs non-smokers 

Samples were assigned to one of the following three groups: non-smokers (n = 520), 

smokers (n = 318) and ex-smokers (n = 198). As previously demonstrated, smoking 

behavior is expected to affect the exhaled air profile. Therefore, this factor of 

influence can be considered as a positive control for our approach. Here, in 

accordance with previous results, smoking is detected as an influencing factor by 

both statistical techniques, i.e., MANOVA (p< 0.001) and RF discrimination model. 

Figure 2A presents the score plot for the influence of smoking behavior. Each point 

represents an individual breath profile and is color-coded according to the smoking 
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habits. Three clouds of points are clearly formed and separated from each other 

indicating significant differences among their means (i.e., the center of the clouds). 

Factor of influence p-value Discrimination power 

Gender <0.001 - 

Age 0.01 - 

BMI <0.001 - 

Smoking habits <0.001 0.84 

Total Cholesterol (mmol/l) NS - 

HDL (mmol/l) NS - 

LDL (mmol/l) NS - 

Triglycerides (mmol/l) NS - 

Neutrophils (10 billion/l) NS - 

Eosinophils (10 billion/l) NS - 

Basophils (10 billion/l) NS - 

Monocytes (10 billion/l) NS - 

Total white blood cells (10 billion/l) NS 
 

Contraception NS - 

 

Table 2. Evaluation of the influence of possible confounders on breath content. 

Next, we examine the individual contribution of each VOC to the observed groups’ 

difference. The multivariate pattern corresponding to the difference between 

smokers and non-smokers is dominated by few compounds, reported in Table 3 and 

with more details in supplementary Table S1 and S2. Figure S1 allows estimating 

the relative importance of the VOCs and whether they are either elevated or 

decreased in a specific group. The relative abundances of the VOCs and their 

appearance in the total cohort are included in supplementary materials in Table S2.  

Briefly, among the selected VOCs furan and trichloroethylene are known to be 

present in mainstream cigarette smoke, thus their relative abundances are elevated 
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in smokers. We also found the pyridine level to be more elevated in smokers, in line 

with previous findings [61]. 

The separation observable in Figure 2A already gives a hint that the smokers 

population is not only differing in its average profile (as tested by MANOVA) but that 

it can be seen as a separate sub-population. This is confirmed by the results 

obtained using RF. An RF model trained to distinguish smoker from non-smokers is 

able to classify correctly 82% of a (blind) test set, this corresponds to an Area Under 

the Receiver Operating Characteristic (AUROC) of 0.84. 

Gender 

Gender affects metabolism, hence one could expect differences in breath content as 

well. As reported in Table 2, our analysis confirms that a significant statistical 

difference can be detected between the mean VOC profiles of male and female (n = 

562 and 774 respectively, p<0.001). Similarly, to the smoking habits, a score plot of 

CVs can be used to visualize the separation between genders. Although the VOC 

profiles of male and female are different, the separation between the two groups 

visible in Figure 2B is not very marked. Indeed, this difference is not sufficient to 

discriminate males and females. Using RF modelling it is not possible to predict the 

gender of volunteers based on their VOCs profiles. This means that the difference 

existing between men and women breath is not strong enough to create two 

completely distinct groups. Note that both men and women populations contain the 

same proportions of smokers (approx. 20 %).  

We next selected the set of compounds that were significantly different between 

male and female subjects using MANOVA. Among the important compounds, 

toluene is likely to be related to exposure [45]. Interestingly the metabolism of toluene 

has been reported as gender dependent in rats. Carbon disulfide is also selected. 

This small molecule is typically originating from environmental exposure to pollution 

[62, 63]. However, epidemiological study has demonstrated that males are in 

average more exposed to it due to their professional activities. Interestingly, a study 

performed in rats showed that females metabolized toluene faster than males [64]. 

Note that CS2 can also be formed in gut by the microbiome [65]. 
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# ↑ indicates higher in smokers, higher in men, higher in high BMI, higher in high age 

Table 3. Selected VOCs driving the differences between the groups stratified according to smoking 
behavior, gender, BMI and age. Arrows indicate if the level of VOC is upregulated in respectively in 
smoker group, in males, in lower BMI and younger volunteers 

  Retention 
time (min) 

Identification Change in 
concentration# 

Sm
ok

in
g 

7.04 Trichloroethylene ↑ 

8.38 Pyridine ↑ 

9.07 3-methylheptane ↑ 

11.71 2-ethyl- or 3-ethylfuran ↑ 

14.80 Unknown ↑ 

G
en

de
r 

2.98 Carbon disulfide (CS2) ↓ 

3.83 Unknown ↓ 

8.38 Pyridine ↑ 

9.07 Toluene ↑ 
15.29 2,3-dimethyl-4-penten-ol ↓ 

BM
I 

2.61 Dimethylsulfide ↓ 

9.82 2-hexanone ↑ 

11.46 m-/p-xylene ↑ 

12.10 o-xylene ↑ 

13.52 1,2,4-trimethylbenzene ↓ 

13.87 7-methyl-3-methylene-1,6-octadiene ↑ 

14.00 3-formylthiophene ↓ 

14.63 2-acetylpyrrole ↑ 

14.65 3-pyridinemethanol ↓ 

15.29 Phenyl acetate ↑ 

16.48 Unknown ↓ 

17.44 Unknown ↑ 

18.94 1-methoxy-4-(1-propenyl)-benzene ↓ 

19.34 1-methoxy-4-(2-propenyl)-benzene ↓ 

22.73 2-phenoxyphenol ↓ 

Ag
e 

 

2.58 Isoprene ↓ 

2.61 Dimethylsulfide ↑ 

8.38 Pyridine ↓ 

11.63 1,2,4-trimethylcyclohexane ↑ 

18.38 Unknown ↓ 

18.68 2-methyl-5-isopropenyl-2-cyclohexen-1-
one 

↓ 

19.34 1-methoxy-4-(2-propenyl)-benzene ↑ 

21.66 Dodecanal ↓ 
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Body Mass Index (BMI) 

BMI is a continuous variable. It is, therefore, possible to analyse the impact of BMI 

on exhaled air in two distinct ways. A regression model can evaluate the relation 

between VOCs and BMI as a continuum, or the BMI can be stratified. The second 

option has the advantage of simplifying the analysis and corresponds more to the 

clinical use of the BMI, which divides volunteers in groups such as underweighted, 

normal weight, overweight and obese. Since in our approach we choose to search 

for statistically significant and discriminatory volatiles in exhaled air, we opt for the 

second route. In that way, the same two methods, MANOVA and RF, are used along 

the whole study.  

We divided the measurements available in three groups: Normal BMI (i.e., below 25, 

n = 631), overweight (BMI between 25 and 30, n=351) and obese (BMI over 30, n = 

129). Only two individuals were underweight (BMI < 18.5). A statisticaly significant 

difference can be detected between the average breath profiles of the threegroups 

(p <0.001).  Note that a valid regression model using the exact BMI values could not 

be obtained. Various VOCs involved in this difference could be related to food, with 

a number of food flavouring compounds (e.g., 7-methyl-3-methylene-1,6-octadiene, 

2-acetylpyrrole or 1-methoxy-4-(1-propenyl)-benzene) or downstream products of 

artificial sweeteners (Phenylacetate). The observed differences could result from the 

different diet of the groups or from direct metabolic differences or both. 

Age 

The impact of ageing on metabolism is a subject discussed extensively in the 

literature. One can reasonably expect that such a factor influences the 

concentrations of a number of metabolites and eventually VOCs in exhaled air. Here 

the age range was divided in segments of ten years. Volunteers in their twenties 

form one group, the ones in their thirties, and so on. The groups are used to evaluate 

the impact of ageing on the breath profiles using MANOVA. A significant difference 

is detected (p=0.002). Figure 2D shows that interestingly the ageing seems to follow 

a specific direction until approx. 60s and then rotates towards another direction. 

Although statistically significant differences of means are detected, the effects are 
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too weak to lead to a discriminative model. The MANOVA model points towards 

VOCs related to aging. One of them is isoprene, which was previously related to age 

and is among the most important VOCs. Methionine metabolism is known to be 

involved in aging. One of the significant compounds, dimethylsulfide, is a 

downstream product of methionine. 

Figure 2. Score plot of the canonical variates (CV) obtained from the MANOVA analyses for the impact 
in exhaled air of A) smoking behaviour B) gender C) BMI and D) age. Each point in the figure represents 
a single breath sample. X-axis and y-axis correspond to the most significant combination of the VOCs 
with respect to each of the confounders. All factors affect significantly (p-value≤ 0.01) the content of 
exhaled air. 

Cholesterol 

Cholesterol level is documented for 1046 members of the cohort in term of total 

cholesterol, low-density lipoprotein (LDL), high-density lipoprotein (HDL) and 

triglycerides. The number of patients with elevated cholesterol levels (Total 

cholesterol > 5.2 mmol/L, LDL > 3.5mmol/L, HDL <1 mmol/L) is small in relation to 

the number of patients with normal values, at a ratio of approx. 1 to 10. It is, therefore,
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necessary to balance the number of individuals with normal and abnormal levels of 

cholesterol for the analysis. Given the previous results, we also matched the two 

groups (abnormal and normal levels of cholesterol) in terms of gender, age, BMI and 

smoking behavior. None of the cholesterol levels were detected as statistically 

significant or discriminatory.  

White blood cells count 

The immune response is expected to influence VOC profiles. The white blood cell 

counts registered for 1027 LL DEEP volunteers are used to study this aspect. 

Surprisingly, no significance difference is detected, neither considering the total 

white blood cell count or its subdivisions: neutrophils, basophils, monocytes, 

lymphocytes. The lack of significant or discriminatory differences can be explained 

by lack of statistical power of the cohort, which is largely composed of healthy 

people. For example, the number of people with an abnormal number of neutrophils 

is only 11, thus not allowing to properly test their influence on the VOCs. Within this 

LL DEEP cohort only a few individuals have serious medical conditions, yet none 

with very elevated white blood cell counts. Thus, lack of individuals with elevated 

levels of leukocytes is a limitation of the study and can explain the negative results 

obtained for this particular confounder. 

Contraception 

Medications are obviously influencing metabolism and thus may be suspected to 

influence breath content. In the LL DEEP cohort information is available on the use 

of drugs. However, looking into this particular effect, it is difficult in the absence of 

the appropriate controls: patients with the same diseases but without treatment. One 

exception is chemical contraception; we can compare the 254 women taking 

contraception to a matched cohort of women not taking any form of contraception. 

After taking into account age, smoking behaviour and BMI, no significant and 

discriminatory difference could be observed. 
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Possible confounders themselves confounded 

Medications are strongly suspected to be influencing breath content [66]. Most types 

of drugs have significant impact, as shown in Table 4. One exception is formed by 

the corticosteroids, yet, by sub-stratifying per drug significant effects can be detected 

at least for Fluticasone and Mometasone. These results, however, are themselves 

affected by the underlying diseases for which the drugs have been prescribed. 

Volunteers forming the LL DEEP cohorts come from the general population including 

also people with various illnesses taking appropriate medications. Therefore, the 

effect of medication seen in exhaled breath is a mixture of disease and consumed 

drugs. Thus, at this stage it is impossible to distinguish the disease effect from the 

treatment effect here, yet it is important to remember that medication might affect 

the breath profile and should be always investigated.  

To properly distinguish the effect of medication and the underlying disease a group 

of sick treated and sick untreated individuals have to be compared. Such comparison 

is, however, not visible in the current set-up of the study. The LL DEEP cohort does 

not contain individuals that are diagnosed with a disease and do not take medication.  

In the various cases discussed above a general trend can be discerned. As 

expected, breath is reflecting metabolism and in that respect some factors affect the 

VOCs profiles. At the other hand, the metabolism is also a self-regulating complex 

system resilient to various influences. A factor influencing the metabolism will not 

necessarily change the complete metabolism drastically; hence only small changes 

can be detected in most cases (with the exception of smoking). Considering the 

identified chemical compounds, the variations observed in breath are partly related 

to the original cause, e.g., furan coming from cigarettes, or the food additives 

probably related to a diet associated with a higher BMI.  
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Drug class Number of individuals using 
medication 

Significance 
level (p) 

Proton pump inhibitors 132 0.01 

Laxatives 33 <0.001 

Corticosteroids  136 0.55 

      Fluticasone 42 <0.001 

      Mometasone 18 <0.001 

Anti-inflammatory 246 <0.001 

Anti-diabetic 30 <0.001 

Hypertension 251 <0.001 

Statins 73 <0.001 

Contraceptive 299 0.03 

Hypothyroidism 44 <0.001 

Immunosuppressant 5 - 

Anti-migraine 32 <0.001 

Anxiolytics 79 <0.001 

Antidepressants 55 <0.001 

Drug class (continued) Number of individuals using 
medication 

Significance 
level (p) 

β2-adrenergic receptor agonist (asthma 
COPD) 

103 <0.001 

Non- β2-adrenergic receptor agonist 
(asthma COPD) 

30 <0.001 

Antihistamines 94 0.04 

 

Table 4. Evaluation of the influence of medications (and the underlying diseases) on breath content 
evaluated in subset of LL DEEP and compared to matching groups of controls. 
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Summary: 

• Smoking behavior is clearly influencing the breath profile, and creates clear 

subpopulations 

• Age, gender, and BMI significantly affect breath profiles, but their effects are 

more subtle than smoking behaviors 

• Cholesterol levels, contraception and, more surprisingly, white blood cell 

counts could not be related to any variation in breath profiles in this general 

population cohort. 

• Most medications (and/or the underlying diseases) are significantly affecting 

breath 

 

Conclusions 

Breath analysis is an attractive approach in the field of non-invasive diagnostics and 

disease monitoring. The ever-increasing amount of literature reporting candidate 

biomarkers in breath exemplifies the interest of the scientific community. Yet all too 

often the results reported are based on small patient cohorts, which impact the 

statistical validity and virtually forbid to investigate the impact of confounders. The 

large cohort of volunteers used here represents a unique opportunity to gauge the 

factors influencing VOCs profiles in a general population i.e., the most clinically 

relevant population. The current study shows the significant influence of smoking, 

age, gender, BMI and various medications on breath content. Note, that the effect of 

medications can be considered as the sum of two factors: underlying disease and 

pharmaceutical compounds. No significant associations were found between the 

content of exhaled breath and total cholesterol, triglycerides, LDL and HDL levels, 

contraception medication, neutrophils, basophils, monocytes and total white blood 

cells.   
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Supplementary Material 

Chemical Analysis 

Sampling 

In this study, the volunteers exhaled through a mouthpiece connected to a valve of 

a resistance-free 3L plastic bag (Tedlar bag, SKC Ltd, Dorset, UK). Any form of 

exercise and eating were prohibited one hour before sampling. All samples were 

collected in the same room to prevent the appearance of a background bias. The 

plastic bags were emptied by suction over a stainless-steel two-bed sorption tube, 

filled with carbograph 1TD/Carbopack X (Markes International, Llantrisant, Wales, 

UK) within 1h after collection. The air-tight capped tubes were kept at room 

temperature until analysis.  In this study 3L of total breath (end-tidal and dead space 

air) was collected. Dead-space air comprises only a small part (90 ml) of the total 

sample of exhaled air collected, and we have shown that the contribution of dead-

space air to the total volume of whole breath does not lead to sensitivity issues in 

measuring VOCs by GC-tof-MS. 

Breath analysis 

Gas chromatography-(time-of-flight)-mass spectrometry (GC-tof-MS) was employed 

to evaluate the VOCs content of the exhaled air samples.  The samples were 

measured in a random order and a non-targeted approach, i.e. no prior identification 

of the compounds was performed. The chromatographic conditions were chosen, in 

accordance with our previous work, to allow for the detection of different classes of 

volatile compounds while maximizing the separation of each compound. The volatile 

compounds were first released from the sorption tubes by thermal desorption using 

the Markes International Ultra-Unity automated thermal desorption equipment 

(Markes International) at 350°C. Next, the mixture of vapor was divided into two 

parts, namely 90% of the samples was recollected on an identical sample tube and 

stored for eventual second analysis and the remaining amount, i.e. 10% was loaded 

onto a cold (5°C) sorption trap, from which it was released at a temperature of 300°C 

and injected to the GC-column for the GC-tof-MS analysis. The temperature of the 
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GC (Thermo Fischer Scientific, Austin, USA, column: Restek RTX-5ms, 

30mx0.25mm ID, coated with 1.0μm HP-5 phase) was programmed as follows: first 

40°C for 5 minutes then it was increased by 10°C per minute until 270°C. This 

temperature was maintained for 5 minutes. Time of flight mass spectrometry 

(Thermo Electron Tempus Plus, Thermo Electron Corporation, Waltham, USA) was 

used to detect and identify components available in the samples. Electron ionization 

at 70eV was used with 5Hz scanning rate over a range of m/z 35-350 at unit mass 

resolution. 

Statistical Analysis 

Before the statistical analysis, the raw GC-tof-MS data had to be preprocessed. 

Uninformative parts of each chromatogram, (retention time in minutes <1.3 or >23 

min) were removed. The data quality was improved by wavelets-based denoising. 

P-splines were used to estimate the shape of the baseline and subtract it from the 

denoised chromatogram.  

A list of chromatographic peaks was established for each chromatogram. These 

peaks were matched from sample to sample according to the Pearson correlation 

between the mass spectra, associated with the different chromatographic peaks. A 

high correlation (superior to 85%) indicates that two peaks correspond to the same 

chemical compound. This information allowed us to construct a data table where 

each line represented a sample and each column a chemical compound. Each value 

in this table corresponded to the ion count measured for a specific VOC in a given 

sample. Finally, probabilistic quotient normalization was applied to suppress any 

effect related to different (overall) dilution of the samples. 

As most biological data, VOCs tend to follow a log-normal distribution. To facilitate 

the analysis, the abundance was log-transformed. The resulting data follow a 

Gaussian distribution, as seen in Figure S1A, or bimodal distribution as in Figure 
S1B. 
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Figure S1: Distribution of the VOCs abundance after log-transformation: A) Gaussian distribution B) 
Bimodal distribution

The data pre-processing results in a data table reporting semi-quantitatively the 

concentration of 678 VOCs in 1417 samples. It is common practice to analyze a 

large number of samples in successive batches. Due to chromatographic drift, the 

VOCs profiles of different batches might be slightly different from each other. To 

correct for this purely technical (i.e., irrelevant) source of variance, we first detect 

outliers for each batch using robust PCA. Any sample with a distance (orthogonal to 

the model or within the model) from the batch center larger than three times the 

corresponding Qn estimator is flagged as outlying and excluded from any further 

analysis. The median for each batch is then recalculated and each batch is centred

on its median position. 

Breath analysis, as many metabolomics analyses, evaluates a large number of 

concentrations. To make the most out of this information multivariate methods are 

the most appropriate ones. The most established method for statistical hypotheses 

testing in multivariate analysis is Multivariate Analysis Of Variance (MANOVA). This 

approach permits to evaluate the influence of one (or multiple) factor(s) of influence, 

described as multiple levels e.g., gender is a factor of influence with two levels: males 

and females. Mathematically speaking MANOVA employs the eigenvalues of J as a 

measure of the ratio of the between group dispersion and the within-group dispersion 

along the direction of the eigenvectors. J is estimated as the ratio of B and W as 

shown in equation 1. B is the between covariance matrix, obtained using the cross-
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product of the Xc, i.e., the variance explained by a given factor c, see equation 2. W 

is the within-covariance matrix, also known as the within-group dispersion matrix, 

estimated from the residuals, as shown in equation 3. 

𝐉𝐉𝐉𝐉 = 𝐖𝐖𝐖𝐖−1𝐁𝐁𝐁𝐁  (1) 

𝐁𝐁𝐁𝐁 = 𝐗𝐗𝐗𝐗𝑐𝑐𝑐𝑐𝑇𝑇𝑇𝑇𝐗𝐗𝐗𝐗𝑐𝑐𝑐𝑐
𝑇𝑇𝑇𝑇  (2) 

𝐖𝐖𝐖𝐖 = 𝑬𝑬𝑬𝑬𝑇𝑇𝑇𝑇𝑬𝑬𝑬𝑬  (3) 

A major drawback of MANOVA is that its inner working relies on the estimation (and 

inversion) of the covariance matrix W. When the number of measured variables, here 

VOCs, is larger than the number of samples, here individuals, the inversion of W is 

not possible.  

A regularized version of MANOVA (rMANOVA) was recently introduced in 

metabolomics to tackle this issue. A classical MANOVA would estimate the 

covariance structure from the data and would de facto put all focus on the variance 

and not be affected by any bias. Univariate analysis, on the other hand, is the 

opposite extreme, focusing on bias rather than variance. Regularization is used in 

many multivariate methods to obtain efficient estimators for high dimensional data. 

By specifying a priori, a specific covariance structure, one can select a trade-off 

between bias and variance. This way, correlations can be included and the model 

can be applied to the analysis of high dimensional metabolomics data. To estimate 

p-values we determine the distribution of the test statistic using the sequential 

permutation test strategy. The maximal number of permutations was set to 1000. 

The difference between means as tested above with MANOVA only answers a very 

specific question: are the groups different in average? This does not exclude a strong 

overlap between the two subpopulations tested.  One may want to detect and 

characterize larger differences leading to a clear split between groups. In such cases 

discriminant models should be able to predict efficiently if a specific sample belongs 

to one group or another. We limit ourselves to the use of Random Forests (RF) for 

two reasons. First, RF is currently considered as one of the most powerful machine 
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learning approaches able to deal with linear and non-linear problems, robust to 

outliers and handling gracefully large and/or incomplete datasets. Second, RF has 

been successfully applied to breath analysis in the past often surpassing other 

methods. Succinctly, RF builds a large collection of trees. Each tree is constructed 

on a randomly selected subset of the original samples and on randomly selected 

subsets of compounds. These trees consist of series of hierarchically organized 

nodes. Each node is described by a simple, logical rule based on one compound, 

splitting the samples into two groups. The splitting continues until the similarity of the 

samples within each node is the highest one or nodes contain the pre-specified 

minimum number of samples.  

All calculations were performed using Matlab R2013a (Statistics Toolbox) and in-

house written function. The implementation of rMANOVA is available on GitHub.com 

(https://github.com/JasperE/regularized-MANOVA.git. 

Identification 

The MANOVA and RF models are based on the complete list of detected VOCs. 

These models can both provide lists of the most relevant VOCs. Only these relevant 

VOCs need to be identified. Therefore, identification is the last step of our protocol.  

The output of GC-tof-MS consists of two dimensions: retention time and m/z value. 

Both parameters are used in the chemical identification of the VOCs. Spectrum 

recognition is done using the National Institute of Standards and Technology mass 

spectral library. A putative identification is established by searching in a reference 

library compounds. Potential hits are arranged in order of similarity.  The final 

identification is performed by the manual evaluation of measured mass spectra and 

the reference spectra of the compounds with the highest similarity index from the “hit 

list”, retention time information and spectrum interpretation by an experienced mass 

spectrometrist. From a total of 24 different chemically identified compounds, 8 were 

identified based on mass spectrum and retention time confirmed by independently 

measured model compounds, the other were tentatively identified based on mass 

spectrum and plausible retention times. 
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Selected Compounds

The statistical analysis performed on the LL DEEP cohort lead to define Smoking, 

Gender, BMI and Gender as possible confounders in breath analysis. The most 

important for these differences are regrouped in Table 3 and together with additional 

references in Table S1. The relative importance of these VOCS are represented in 

Figure S1.

Figure S1: Relative importance of the VOCs presented in Table S1 calculated using the MANOVA model.
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  RT Identification CAS  Notes Refs 
Sm

ok
in

g 

7.04 Trichloroethylene 79-01-6 reported in cigarette smoke (18) 

8.38 Pyridine 110-86-1  (19, 20) 

9.07 3-methylheptane 589-81-1 Related to inflammation (21) 

11.71 2-ethyl- or 3-ethylfuran 3208-16-0 or 

67363-95-5 

Furans reported in cigarette smoke (18) 

14.80 Unknown    

G
en

de
r 

2.98 Carbon disulfide (CS2) 75-15-0 Exposure more common in males (22) 

3.83 Unknown    

8.38 Pyridine 110-86-1 Roasted coffee (23) 

9.07 Toluene 108-88-3 Exposure, gender difference in 

metabolism  

(24, 25) 

15.29 2,3-dimethyl-4-penten-ol 19781-52-3   

B
M

I 

2.61 Dimethylsulfide 75-18-3 methionine metabolism (26) 

9.82 2-hexanone 591-78-6 Endogenous ketone, reported in sepsis in 

rats 

(27, 28) 

11.46 m-/p-xylene 108-38-3/ 106-

42-3 

Exposure   (29) 

12.10 o-xylene 95-47-6 Exposure   (29) 

13.52 1,2,4-trimethylbenzene 95-63-6 Exposure   

13.87 7-methyl-3-methylene-1,6-

octadiene 

123-35-3 (Myrcene) Flavoring agent, reported in 

breath 

(30, 31) 

14.00 3-formylthiophene 498-62-4   

14.63 2-acetylpyrrole 1072-83-9   Used in flavors for tobacco and roasted 

foods 

(32) 

14.65 3-pyridinemethanol 100-55-0   

15.29 Phenyl acetate 122-79-2 Downstream product of aspartame and 

phenylalanine 

(33, 34) 

16.48 Unknown    

17.44 Unknown    

18.94 1-methoxy-4-(1-propenyl)-benzene 104-46-1 (Anethole) flavoring agent (35) 

19.34 1-methoxy-4-(2-propenyl)-benzene 140-67-0 (Estragole) flavoring agent (35) 

22.73 2-phenoxyphenol 2417-10-9   

A
ge

 

2.58 Isoprene 78-79-5 Related to cholesterol, age and gender (36, 37) 

2.61 Dimethylsulfide 75-18-3 methionine metabolism - (26) 

8.38 Pyridine 110-86-1   

11.63 1,2,4-trimethylcyclohexane 2234-75-5   

18.38 Unknown    

18.68 2-methyl-5-isopropenyl-2-

cyclohexen-1-one 

99-49-0 (Carvone) terpenoids naturally found in 

oils from seeds of caraway (Carum carvi), 

spearmint (Mentha spicata), 

(35, 38) 

19.34 1-methoxy-4-(2-propenyl)-benzene 140-67-0 (Estragole) flavoring agent (35) 

21.66 Dodecanal 112-54-9 (Lauraldehyde) fragrance, seen on the 

skin, related to gluten free 

(39, 40) 

 
Table S1: Interpretation and bibliographic investigation of the selected VOCs driving the differences 
between the groups stratified according to smoking behavior, gender, BMI and age. 
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Nr. Retention time 
(min) 

Identification Relative 
abundance 
(mean) 

Relative 
abundance 
(STD) 

Frequency 
(%) in n=1417 

1 2.58 Isoprene 1,17E+08 9,19E+07 93,6 

2 2.61 Dimethylsulfide 1,85E+07 2,87E+06 48,5 

3 2.98 Carbon disulfide (CS2) 4,15E+06 1,56E+06 41,0 

4 3.83 Unknown 3,01E+06 1,38E+06 50,7 

5 7.04 Trichloroethylene 5,88E+05 9,89E+05 21,6 

6 8.38 Pyridine 7,51E+07 5,46E+07 65,9 

7 9.07 3-methylheptane 2,49E+04 3,59E+03 21,9 

8 9.07 Toluene 6,71E+06 6,18E+06 99,9 

9 9.82 2-hexanone 1,90E+06 2,17E+06 86,9 

10 11.46 m-/p-xylene 1,37E+07 2,85E+07 34,2 

11 11.63 1,2,4-trimethylcyclohexane 1,38E+07 2,87E+07 32,2 

12 11.71 2-ethyl- or 3-ethylfuran 3,94E+07 1,73E+07 20,1 

13 12.10 o-xylene 1,53E+07 5,82E+06 26,3 

14 13.52 1,2,4-trimethylbenzene 6,58E+06 4,61E+06 24,3 

15 13.87 7-methyl-3-methylene-1,6-octadiene 6,43E+07 3,77E+07 27,0 

16 14.00 3-formylthiophene 1,02E+07 5,43E+06 27,2 

17 14.63 2-acetylpyrrole 5,52E+06 2,82E+06 21,1 

18 14.65 3-pyridinemethanol 2,99E+06 2,36E+06 25,1 

19 14.80 Unknown 1,50E+07 1,63E+07 22,4 

20 15.29 2,3-dimethyl-4-penten-ol 3,78E+06 2,96E+06 33,8 

21 15.29 Phenyl acetate 5,23E+06 4,74E+06 46,8 

22 16.48 Unknown 3,18E+07 1,82E+07 29,8 

23 17.44 Unknown 9,57E+06 8,99E+06 33,3 

24 18.38 Unknown 1,50E+07 1,63E+07 22,4 

25 18.68 2-methyl-5-isopropenyl-2-cyclohexen-1-one 8,83E+06 4,38E+06 28,7 

26 18.94 1-methoxy-4-(1-propenyl)-benzene 5,89E+06 1,16E+06 23,2 

27 19.34 1-methoxy-4-(2-propenyl)-benzene 6,15E+06 2,70E+06 32,3 

28 21.66 Dodecanal 1,90E+06 2,17E+06 94,6 

29 22.73 2-phenoxyphenol 3,19E+06 3,55E+06 38,6 

 

Table S2: The relative abundance of 29 VOCs being significantly affected by one of the factors indicated 
in Table S1. The relative abundance is represented as mean and standard deviation (STD). The 
information on the frequency of appearance of the compound is included as well. 
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Abstract 

In the present longitudinal study, we followed volatile organic compounds (VOCs) 

excreted in exhaled breath of twenty healthy individuals over time, while adhering to 

a gluten-free diet for four weeks prior to adherence to a normal diet. We used Gas 

Chromatography coupled with Mass Spectrometry (TD-GC-tof-MS) in combination 

with chemometric analysis to detect an array of VOCs in exhaled breath. Multivariate 

analysis was applied to extract the maximal information from the obtained data. 

Dietary intake was assessed to verify adherence to the diet and to get insight into 

macronutrient intake during the intervention period. A set of 12 volatile compounds 

distinguished the samples obtained during the gluten-free diet from those obtained 

during a normal diet. Seven compounds could be chemically identified (2-butanol, 

octane, 2-propyl-1pentanol, nonanal, dihydro-4-methyl-2(3H)-furanone, nonanoic 

acid and dodecanal) and speculated on a possible origin. Our findings suggest that 

a gluten-free dietary period had a reversible impact on participants’ excreted 

metabolites visible in their breath. Several explanations are proposed of influencing 

metabolic status through dietary interventions. Although the exact origin of the 

discriminating compounds is not yet known, the main goal of this paper was to share 

a new potential use of exhaled air analysis and might become a useful tool in fields 

of nutrition and metabolism. 
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Introduction 

Analysis of exhaled breath in health-related issues has become a promising subject 

due to its non- invasive nature and a growing number of applications [1].  A single 

breath sample contains 300-500 volatile organic compounds (VOCs) occurring in 

nmol/l-pmol/l concentrations and can be detected with several chemical analytical 

approaches including gas chromatographic and mass spectrometric based methods 

[2]. Over the last few decades, a tremendous progress in the methodology 

development (both instrumental and computational) improved the field of breath 

analysis and has the promise of a practical, reliable, reproducible, and clinically 

relevant source of information about human health [1]. Due to intra- and inter 

individual differences the total number of VOCs in a series of samples may be as 

high as 3000-5000. VOCs analysis is routinely used in the assessment of 

environmental contamination [3], fragrance and flavor industries [4] and forensic 

science [5]. In medical research VOCs are related to several disease conditions 

including chronic inflammatory lung diseases [6, 7], non-alcoholic steatohepatitis 

(NASH) [8] and gastrointestinal diseases [9, 10]. Important issues that still need to 

be solved are related to standardization of methodologies, sampling of breath, and 

insights in confounding factors including the influence of diet on profiles of excreted 

VOCs. Although diet often is suggested to be one of the exogenous factors 

influencing composition of exhaled breath [11], research into this is lacking. 

In the present study we followed excreted VOCs in individuals over time while 

adhering to a gluten-free diet for four weeks prior to adherence to a normal diet. A 

gluten-free diet is based on the exclusion of protein complex consisting of gluteins 

and prolamins present in several cereals, like wheat, barley, and rye [12]. Wheat 

supplies about 20% of the total food calories for humans and is a key source of plant 

proteins [13]. Unfortunately, it is also a major cause of food-induced health issues. 

The most recognized enteropathy caused by an aberrant immune response to gluten 

protein is celiac disease, for which a gluten-free diet is the only known treatment [14, 

15]. A gluten free diet was previously reported to modify the composition and immune 

properties of the gut microbiota in both healthy subjects [16] and celiac disease 

patients [1]. A change in a host microbiota would be expected to be associated with 
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a change of volatile metabolites produced, released in the lungs and then detected 

in exhaled breath. In this study we aimed to identify specific metabolites after a 

gluten-free diet by performing a longitudinal study of 20 healthy volunteers following 

a gluten-free diet for 4 weeks and returning to normal diet for 9 weeks. 

Materials and methods 

Study participants 
Twenty participants without any known food intolerance were involved in this study 

(female: 12, male: 9, 16-61years (average 36 years), BMI 18.9-35.3 (average 24)).  

Except one, none of the participants was treated with antibiotics for at least one year 

prior to the sample collection. Participants were instructed to exclude gluten 

containing products from a daily diet by replacing them with certified gluten-free 

products for a period of 4 weeks. Afterwards they were asked to return to their 

habitual diet and lifestyle. All participants adhered voluntary to gluten containing 

product free diet for 4 weeks. 

 

The authors received written consents from all participants and followed the 

sampling protocol of the LL Deep study approved by the UMCG ethical committee.  

Dietary assessment and analysis 

Dietary intake was assessed to verify adherence to the gluten-free diet and to gain 

insight into differences in macronutrient intake in healthy volunteers on gluten-free 

diet compared to their normal diet. All participants received information about gluten-

containing products from a dietician and were instructed how to keep a 3-day food 

record including two weekdays and one day in the weekend. The food records 

included data regarding the moment of the day food was eaten and the type and 

quantity of food consumed. Participants were instructed how to estimate serving 

sizes and to record recipes. After returning the food records, participants were 

contacted by the dietician to clarify uncertainties within the food record. Intake of 

macronutrients was calculated using the website www.voedingsdagboek.nl. This 

website incorporates the Dutch Food Composition Database [17].  
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We used SPSS software version 20 (IBM SPSS Statistics release 20.0.0.1) for 

statistical analysis of the dietary intake data.  Mean and standard deviation of daily 

intake was calculated for energy (kcal), protein (g), carbohydrate (g), and fat (g). The 

paired t-test was used to compare group means during gluten-free diet versus 

normal diet. 

Experimental design
Collection of breath samples was spread over a 13-week period, as indicated in 

Figure 1. First samples were taken directly before the start of the gluten-free diet 

period (T0). For 4 weeks, the participants were on a gluten-free diet by replacing 

normal gluten-containing food with certified gluten free products. Breath samples 

were collected at the end of week 1(T1), 2(T2), 3(T3) and 4(T4). Next, participants 

were asked to return to their usual diet. Follow-up samples were collected at the end 

of week 13(T13) (see figure 1). 

Figure 1. Scheme representing the experimental design of the collection of breath samples over the 13 
weeks period. The time points for sampling collection are indicated as T0-T13.       

Sampling

For exhaled breath collection participants were asked to inflate 3 Liter bags (Tedlar 

Bag, SKC Ltd, Dorset, UK). Within 2 hours after collection the bag contents were 

transferred to carbon-filled stainless steel sorption tubes where the VOC’s were 

trapped (Markes International, Llantrisant Business Park, UK). Tubes were stored 

at room temperature until analysis.
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Analysis 

Samples were analyzed by thermal desorption-gas chromatography combined with 

time-of-flight mass spectrometry (GC-tof-MS) as previously described [18]. The 

VOCs were released from the sorption tubes under a flow of helium using automated 

thermal desorption (Markes International Ultra-Unity). The gaseous mixture is then 

split: 90% of the sample is recollected on an identical tube and 10% of the sample is 

transferred to an electrically cooled sorbent trap (5˚C) and from there injected into 

the gas chromatograph (Trace GC, Thermo Fischer Scientific, Austin, USA, column: 

Restek RTX-5ms, 30mx0.25mm ID, coated with 1.0μm HP-5 phase.  Carrier gas 

helium at a flow rate of 1.5mL/min. GC temperature was programmed as follows: 

40˚C/5min., then increased by 10˚C/min. until 270˚C at which temperature was 

maintained for 5 min.). After the separation by GC the components were analyzed 

by time-of-flight mass spectrometry (Tempus Plus, Thermo Fischer Scientific). The 

MS was set at as follows: ionizing energy = 70eV, mass range 35-350 AMU, 

scanning rate five times per second. 

Data handling 

Data preprocessing 

Before the actual multivariate analysis, important issues such as variations in 

baseline and peak shifts must be treated. The raw GC-tof-MS spectra require several 

consecutive steps including denoising, baseline removal, alignment, and scaling. 

Usually, the beginning and the end of each chromatogram (retention time in minutes 

either <1.3 or >23 min) have to be removed beforehand because of noisy mass 

spectra and column bleeding. The first step consists of noise removal and baseline 

correction. Denoising was performed by means of wavelets [19], while baseline was 

corrected using P-splines [20]. This approach uses asymmetric least-squares 

smoothing, by penalizing regions with signal in the chromatogram, to find the data 

points corresponding to the baseline. Baseline is adjusted in such a way that ideally 

only contributions from eluting compounds are enclosed in the signal. The drift in the 

peaks was eliminated by piecewise alignment method correlation optimized warping 

(COW), which can handle non-systematic global shifts [21]. Finally, the 
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chromatograms for each sample were merged by combining the corresponding 

compounds based on retention time and similarities in mass spectra. To make the 

chromatograms comparable the final step of preprocessing involved normalization 

to total area and the data were scaled to unite variance. Unite variance scaling takes 

into account the differences in orders of magnitude between measured compounds.  

After this step each compound has the same variance so that all compounds become 

equally important in the analysis. 

Multivariate data analysis 

Multivariate statistical methods provide an expert means of analyzing and 

maximizing information recovery from complex GC-tof-MS data. GC-tof-MS data are 

numerically complex and contain thousands of irrelevant and/or redundant 

information (i.e., variables). Moreover, many variables increase collinearity in the 

data. Variable selection allows picking the subset of best predictors (variables). 

Variables differently profiled across the groups of interest were selected based on 

ANalysis of VAriance-Principal Component Analysis (ANOVA-PCA), which is a 

combination of two methods, ANOVA and PCA [22]. This technique together with 

ANOVA and multivariate-ANOVA (MANOVA) belong to the family of ANOVA 

methods. ANOVA-PCA in comparison to standard ANOVA and MANOVA is 

applicable to large data, i.e., data containing more variables than samples. The main 

aim of ANOVA-PCA is to split the total variance in the data into the variance of the 

effect of interest (i.e., differentiate groups) and other irrelevant sources of variance 

(e.g., time effect). The significant subset of VOCs is selected using multivariate t-test 

(Hotelling test). The significant VOCs are the one whose concentrations are affected 

by the diet and thus are expected to have p-value smaller or equal 0.05. Note that 

this test is a multivariate test; therefore, it is only performed once, implying that 

multitesting correction is not required. The detailed information about the statistical 

background of ANOVA-PCA can be found elsewhere [23, 24].     

 

The relevant subset of VOCs was next used in the PCA analysis [25]. PCA extracts 

and displays the systematic variation in the data. The PCA model provides an 

overview, of all samples in the data. In addition, grouping, trends and outliers can be 
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found. PCA converts the multidimensional data space into a low-dimensional model 

plane. This technique expresses most of the variance within a data set using a 

smaller number of factors, so called principal components (PCs). PCA decomposes 

the original data set into two matrices known as scores and loadings. Scores are the 

coordinates for the samples. In a scores plot, each point represents a single 

spectrum.  It provides a summary of all spectra and shows how they are related to 

each other. Hence, the points that are close to each other have similar profile, while 

objects that lie far away are characterized by different properties. In the loading plot 

the relation among measured VOCs can be visualized. The angle between 

compounds reflects the correlation between them. The correlation is high if the angle 

is small.  The angle close to 180˚ indicates an anti-correlation. The two compounds 

are not correlated if the angle is close to 90˚. An important feature is that the 

directions in the score plot correspond to directions in the loading plot. Therefore, it 

is possible to combine loadings and scores into so called biplot. In the biplot every 

point corresponds to a sample and every arrow (line) to a compound. A very useful 

feature of the biplot is the possibility of defining the change of compounds relative 

concentration due to different diet. The concentration is elevated if the sign of the 

new coordinate (i.e., PCs) for samples and compound is the same (i.e., either both 

positive or both negative). If the sign of the new coordinate for samples and 

compound is opposite (i.e., positive, and negative) the concentration is down 

regulated in these samples.  

Results 

Multivariate analysis 
In total, 107 breath samples were analyzed, and GC-tof-MS spectra were obtained.  

Each chromatogram consists of 3651 variables.  The data set contains a lot of zeros, 

since not every compound is present in each breath sample. In order to focus on the 

most informative part of the data (non-zeros), the following procedure was applied, 

which will be referred here as the ‘20% rule’. A variable is kept if it is nonzero for at 

least 20% of all samples in at least one of the experimental groups. After the 

application of the 20% rule, the data set contains 527 variables. One chromatogram 

was removed from the analysis because of low signal to noise ratio. The remaining 



GLUTEN FREE DIET EFFECTS ON BREATH VOCS PROFILE

63

106 chromatograms were used in the analysis. An example of a preprocessed 

chromatogram is shown in figure 2.  

Figure 2. An example of a preprocessed chromatogram obtained with GC-tof-MS. 

Our multivariate analysis involved two parts. In the first one ANOVA-PCA is used to 

select the significant compounds affected by the diet. The second step consisted of 

PCA model built on the data containing only the relevant compounds picked up by 

ANOVA-PCA. ANOVA-PCA was performed on a subset of the data including the 

time points: T3, T4 (period of gluten-free diet) and T0, T13 (period of normal diet). 

The reasoning behind the selection of this subset is twofold.  Firstly, for proper and 

reliable ANOVA it is necessary to include all time points per individual because time 

is one of the main effects. Therefore, volunteers were excluded in this part of analysis 

when a point T0, T3, T4 or T13 was missing. Secondly, the preliminary analysis 

(based on PCA) showed no differences in VOCs profile between the period of normal 

diet (time points T0, T13) and gluten-free diet (time points T1 and T2).  However, to 

use the available data fully the remaining time points T1, T2 were later projected into 

PCA space. It has to be pointed out that for time points T0, T3, T4 and T13 only 14 
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participants delivered their breath samples. For the remaining volunteers, the breath 

samples were missing due to different circumstances (e.g., participant absence 

during collection or poor GC-tof-MS spectrum).  

 

The ANOVA-PCA analysis allowed for selection of 12 compounds with p-values 

smaller than 0.05. As mentioned in Materials and Methods section it is not necessary 

to use multitesting correction when multivariate t-test is applied. Multivariate t-test 

selects a subset of significant VOCs, therefore the number of statistically relevant 

compounds can be lower than ~ 25 (i.e., 5% of 527). In the next step the chemical 

identification of these 12 VOCs was done by means of spectrum recognition using 

the NIST library in combination with spectrum interpretation by an experienced 

Mass-Spectrometrist and identification based on retention times of components. 

From a set of 12 compounds 7 were chemically identified, while rest remained 

unknown. Some compounds could not be identified due to insufficient mass 

spectrum, overlap in the retention time or absence of mass spectrum in the library. 

 

To visualize the results, 12 selected compounds were re-analyzed in a separate PCA 

analysis. The corresponding biplot is shown in figure 3(a).  Each triangle and star 

correspond to a chromatogram, each line to a compound. As can be seen the 

separation between normal diet (samples indicated as stars) and gluten-free diet 

(samples indicated as triangular) is reached along two first principal components 

(explaining almost 50% of total variance). However, some of the gluten-free diet 

samples, on the left of the biplot, seem to be more similar to a normal diet, since they 

overlap with them. This suggests that the response to gluten-free diet was 

heterogeneous between the volunteers.  

 

Interestingly, the volunteers in gluten-free diet group are characterized by higher 

variations in comparison to the same volunteers group following the normal diet. This 

is clearly visible in figure 3(a), where the spread of points in gluten-free diet is larger 

than in the normal diet group. This is probably related to the previous point about the 

heterogeneous response to gluten-free diet leading to larger variations in exhaled 

volatile products. Additionally, in figure 3(a) the changes in relative compound 
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concentrations in the breath samples are indicated for each compound by a dashed 

line. The relative concentrations of octane and 2-butanol point towards the normal 

diet group, indicating a higher level in normal diet (the sign of PC1 for samples (stars) 

and compounds (lines) is the same, i.e., negative) and reduced levels in the gluten-

free diet group (the sign of PC1 for samples (triangular) and compounds (lines) is 

opposite, i.e., positive for samples and negative for compounds). On the contrary 

nonanal and dodecanal levels are elevated in gluten-free diet, because PC1 has the 

same sign (here positive) for samples (triangular) and compounds (lines).

Similarly, to traditional boxplot, biplot allows representing not only the changes in 

relative compound concentrations but also the relation between the compounds (i.e.,

the correlation between them).   Nonanal and dodecanal are highly correlated as can 

be seen from a very small angle of the two corresponding lines. This is corroborated 

by boxplot in figure 3(b), where both compounds follow the same trend, i.e., their 

amounts are elevated in gluten-free diet group. The reverse observation can be 

made concerning the relation between octane and dodecanal. These two 

compounds are negatively correlated, as can be seen by the large angle formed by 

two corresponding lines in the biplot. This is reaffirmed by boxplot shown in figure 

3(b), where the level of octane is reduced in gluten-free diet group. Thus, the 

concentration of octane changes contrariwise to levels of dodecanal and nonanal. 

Figure 3. (a)  Biplot of PCA analysis performed on 12 significant VOCs excreted in breath samples 
obtained at the end of week 3 and 4 of gluten-free diet (times points T3, T4) and those for a normal diet 
(time point T0 and T13).  (b) The boxplots of nonanal, dodecanal and octane shown for samples obtained 
at the end of week 3 and 4 of gluten-free diet and those for normal diet.
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Table 1 shows the identified and unidentified VOCs and their relative concentrations 

change in breath samples obtained during gluten-free-diet period. Up or down 

regulation of VOC concentration is indicated as (+) or (-), respectively, with reference 

to normal diet. 
 

 
 
Table 1. A list of 12 VOCs which concentrations were significantly affected by gluten-free diet. (-) indicates 
decrease in VOC concentration, while (+) increase in gluten-free diet with reference to normal diet. 
 

Breath samples were obtained from the individual volunteers at the consecutive time 

points and therefore it is possible to see the individual trajectories along the 

experiment (i.e., T0, T3, T4 and T13). In figure 4, the PCA score plot defined by the 

first two PCs is displayed with samples symbolized accordingly to T0, T3, T4 and 

T13 time points. The trajectories of 4 participants are included in the figure as arrows 

following the time points. It can be seen that three participants (purple, pink and red 

arrows) have very long trajectories in comparison to participant 4 (green arrow). This 

might indicate that individuals had diverse strength in responses to gluten-free diet. 

VOCs Group 

gluten-free-diet 

2-butanol (-) 

Octane (-) 

2-Propyl-1-pentanol (+) 

Nonanal (+) 

Dihydro-4-methyl-2(3H)-furanone (+) 

Nonanoic acid (+) 

Dodecanal (+) 

Unknown (1) (-) 

Unknown (2) (+) 

Unknown (3) (+) 

Unknown (4) (+) 

Unknown (5) (+) 
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More interestingly all participants after the gluten-free intervention came back to their 

original position.

Figure 4. PCA score plot with indicated trajectories for 4 individuals. Samples are marked accordingly to 
3 and 4 weeks of gluten-free diet period (T3 and T4) and normal diet (T0 and T13).  Each trajectory is 
plotted as an arrow of different color (purple: participant 1; green: participant 2; pink: participant 3; red: 
participant 4). 

To use the available data exhaustively, the samples belonging to T1, T2, are 

projected into the same PCA model performed on the subset of the data as shown 

earlier in figure 3(a). The coordinates, i.e., scores along PC1 and PC2 are obtained 

for each sample belonging to T1 and T2 time points. Subsequently, the similarity of 
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these samples can be compared with the ones used in the previous analysis of the 

subset (T0, T3, T4 and T13). For that purpose, the mean values as well as standard 

deviations for PC1 and PC2 were calculated for samples belonging to T1 and T2 

time points. The groups’ means (marked as a circle) and standard deviations 

(marked as a dashed line for T1 time point and solid line for T2) are plotted in figure 

5. It can be observed that the mean value of gluten free diet time points (T1 and T2) 

progressively moves right, away from the normal diet. Interestingly the standard 

deviation of T1 is larger than that of T2, indicating that the variation in the T1 samples 

is more similar to normal diet. It is noticeable from Figure 5 that the standard 

deviations for gluten free-diet objects (T1 and T2) are very large. This corroborates 

our findings about large variations in gluten-free diet samples. 

Figure 5. PCA score plot obtained from the analysis of normal diet samples (stars, T0 and T13) together 
with samples after 3 and 4 weeks of gluten-free diet period (triangles, T3 and T4).  The samples of gluten-
free diet period T1 and T2 are projected in the same PCA plane and are represented by their groups’ 
mean and standard deviations (mean ± std). Each mean is marked as a circle, while standard deviation 
as a dashed line for time points T1 and a solid line for period T2. For each time point all available samples 
were used. Along time the VOCs fingerprint move progressively away from the normal diet toward the 
gluten-free diet.

To summarize, the multivariate analysis of the breath-o-grams pinpointed a set of 12 

compounds that were differentially excreted in breath of human volunteers after a 

period gluten-free diet.  Focusing on these 12 compounds we were able to 
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distinguish between gluten-free diet and normal diet within the same group of 

volunteers.  Moreover, it is possible to track a progressive trend in the VOCs profiles 

in breath along the four weeks of the gluten-free diet. The large spread of variations 

in the exhaled VOCs within the gluten-free diet groups reflects a large heterogeneity 

in the response of the volunteers. After finishing the gluten-free intervention period 

the volunteers VOCs profiles change once more, becoming similar to the original 

profile seen for T0 time point of normal diet.  

 

Food intake 
 
15 out of 20 volunteers completed a 3-day food record (including two weekdays and 

one day in the weekend) for the gluten-free diet period and 14 participants completed 

the food record for the normal diet period. Consequently 14 participants were 

included in the analysis of food intake. Mean daily intake of energy (kcal), protein 

(gram), carbohydrate (gram), and fat (gram) per participant was calculated. The 

macronutrient and energy intakes data were analyzed by paired t-test. In table 2 the 

mean values and standard deviation and p-value obtained from paired t-test for 

diverse macronutrient intake are shown.  

 
 Gluten-free diet Normal diet t-test 

 

Energy (kcal) 

Mean 

1709.5 

std 

344.0 

Mean 

1811.5 

std 

433.9 

p-value 

0.243 

Protein (gram) 73.1 18.4 78.1 18.2 0.401 

Carbohydrates (gram) 211.1 50.3 199.9 63.2 0.275 

Fat (gram) 63.7 18.1 72.5 24.3 0.109 

 

Table 2. Mean and standard deviation (std) of energy, protein, carbohydrates, and fat intake during 
gluten-free diet and normal diet. The last column shows the p-value obtained from paired t-test analysis.   

 

In general, the mean intake of energy (kcal), protein (gram) and fat (gram) were 

somewhat lower on gluten-free diet than in normal diet, whereas carbohydrate intake 



CHAPTER 3

70 
 

(gram) was slightly higher in gluten-free diet. However, the paired t-test results show 

that none of the differences in energy or macronutrient intakes were statistically 

significant.  

 

Discussion 
 

The present study shows that the composition of VOCs in exhaled breath changes 

as a result of a dietary intervention, a gluten-free diet. After multivariate analysis it 

appeared that a specific VOCs pattern containing 12 compounds can distinguish 

breath samples obtained after a 4-week gluten-free diet from samples obtained 

under normal dietary conditions. Some of these 12 compounds are chemically 

identified and although their physiological origin is still unclear it can be speculated 

that they are derived from common changes in metabolic processes. The change in 

the VOC profile of the subjects on a gluten-free diet with that of (the same) subjects 

on a normal diet has been found for all subjects. A striking finding is that this change 

is reversible - after finishing the gluten-free period the profile changes again to the 

profile as measured before the intervention, within the borders of normal intra-

individual variation. Even though reversibility occurred in every case, the time for 

organism adjustment seems to be depended on yet unknown individual 

characteristics. The results suggest that some of the participants were less 

responsive to the gluten-free diet. Previous findings by Aziz et al., 2012 relate the 

heterogeneous response triggered by gluten to the different ways of handling gliadin 

intake by the immune system. In another study the heterogeneity of food intake 

response was explained as a consequence of an individual core metabolic 

phenotype [26]. Therefore, the heterogeneity of the gluten-free diet group might be 

related to diverse individual metabolic phenotypes and/ or diversity in managing 

gliadin intake by immune system. 

 

The change in VOCs excretion in breath upon changing from a normal diet to a 

gluten-free diet and its reversibility might be explained in several ways. It is known 

from literature that the gut microbiota reversibly changes when a normal diet is 

temporarily replaced by a gluten-free diet.  Fecal microbiota analysis of 10 healthy 
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subjects, after following 4 weeks of gluten-free diet indicated that the number of 

‘healthy’ gut bacteria decreased (Bifidobacterium, B. longum and Lactobacillus), 

while potentially unhealthy bacteria increased (E. coli and total Enterobacteriaceae) 

[16]. Drift of microbiota composition into less positive manner, might be explained by 

an extensive reduction in the intake of oligofructose and inulin during gluten-free diet. 

These fructans, provided in 81% through wheat and barley consumption, were 

reported to have prebiotic action and are known from promoting growth of favorable 

colonic bacteria [27-29]. In the research of Palma et al., gluten-free diet appeared to 

be associated with reduction of polysaccharide intake. Undigested carbohydrates 

are considered as a main source of energy for commensal microbiota, thus lowering 

the supply of these compounds might explain the drift of the gut microbial 

composition.  However, though from the food questionnaires completed by the 

subjects in our study no decreased carbohydrate intake could be deduced, the 

composition of the total carbohydrate may be different.  

 

A change in a host microbiota would be expected to be associated with a change of 

volatile metabolites produced by bacterial communities. When absorbed into the 

bloodstream they would reach host organs and become subject of further human 

metabolism and finally be excreted in urine or breath [30, 31]. From the compounds 

which we were able to identify, one might be related to a change in a composition of 

gut microbiota. 2-butanol is a product of one of the pathways of the lactic acid 

bacteria (LAB) metabolism even though the main product of fermentation for all LAB 

is lactic acid. From all kinds of bacterial groups, LAB is thought to be the most 

associated with human lifestyle. Lactobacillus brevis has an ability to reduce 2,3-

butanediol to 2-butanol when accompanied by two proteins: diol dehydratase and 

alcohol dehydrogenase [32]. This strain occurs widely in nature, fermented food of 

plant and animal origin [33] but also in human intestinal flora [34].  

 

Another explanation of the change in VOCs profile upon gluten-free diet may be 

found in the direct interaction of the gluten proteins with the gut wall. From celiac 

disease persons it is known that these proteins are involved in an inflammation 

reaction in the gut wall, leading to severe complaints. Although celiac disease has a 
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prevalence of about 1% in the general population, it is not clear whether similar but 

less severe effects may occur in a larger part of the population. There is a raising 

prevalence of gluten-induced GI disorders in people with normal tTG, IgE levels, 

which therefore could not be classified as allergic or celiac disease. Yet, subjects 

have been affected by gluten containing food and showed health improvement after 

changing to a gluten-free diet [35]. This led to an increased interest in newly 

classified gluten enteropathy: non-celiac gluten sensitivity [36]. Exclusion of wheat 

protein complex from high-fat diet in mice showed protective effects against body 

weight, partially by provoking lipid mobilization and oxidation in adipose tissue, 

causing decreased accumulation of lipids. A gluten-free diet seemed to improve 

insulin sensitivity through suppression of the inflammatory profile. Animals fed a 

gluten-free diet showed lower macrophage infiltration and pro-inflammatory cytokine 

production, e.g., MCP-1/CCL-2, IL-6, TNF-α which supports the mechanism of 

gliadin-macrophages interactions [37, 38]. This finding is supported also by a 

research of Palma et al, where suppression of immune system by lowered 

production of pro-inflammatory cytokines: TNF and IFN-y was noticed in healthy 

subjects after following a gluten-free diet [16]. A light or latent present inflammation 

reaction might influence the VOCs composition and a change in a diet from normal 

to gluten-free would then be accompanied by a change in VOCs profile as well.  So 

far, analysis of exhaled breath samples has proven its usefulness in recognizing 

conditions with elevated levels of oxidative stress and inflammatory processes. In 

this case a reduced inflammatory condition during a gluten-free diet should lead to a 

reduction of volatile products of inflammation in the form of lipid oxidation products.  

One of compounds we identified as being changed due to gluten-free diet - octane - 

has been previously reported as a marker of oxidative stress and inflammation [39]. 

Our results showed that this alkane was significantly reduced after following a gluten-

free diet. On the other hand, dodecanal, nonanoic acid and nonanal levels were 

increased on a gluten-free diet even though these are also potential markers of 

oxidative stress [40, 41]. Obviously more insight into the actual processes is 

necessary before reaching an end conclusion. We were not able to find a valid 

explanation for discriminant presence of two other identified compounds: 2-propyl-

1-pentanol and dihydro-4-methyl-2(3H)-furanone. Further research needs to be 
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conducted to establish their biochemical origin and possible pathways of their 

involvement. 

Performing breath analysis to study the influence of dietary interventions and the 

putative reversibility of their impacts could be used as a new potential tool in fields 

of nutrition and metabolism. 
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Abstract 

Infant formulae have been used since decades as an alternative to or a complement 

to human milk. Human milk, the “gold standard” of infant nutrition, has been studied 

for its properties in order to create infant formulae that bring similar benefits to the 

infant. One of the characteristics of milk is the size of the lipid droplets which is known 

to affect the digestion, gastric emptying, and triglyceride metabolism. In the current 

study a concept infant milk formula with large, phospholipid coating of lipid droplets 

(mode diameter 3-5 μm; NUTURIS, further described as “active”), was compared to 

a commercially available formula milk characterized by smaller lipid droplets, further 

described as “control” (both products derived from Nutricia). We investigated 

whether we could find an effect of lipid droplet size on volatile compounds in exhaled 

air upon ingestion of either product. For that purpose, exhaled breath was collected 

from a group of 29 healthy, non-smoking adult males before ingestion of a study 

product (baseline measurements, T0) and at the following time points after the test 

meal: 30, 60, 120, 180 and 240 min. Volatile organic compounds (VOCs) in breath 

were detected by gas chromatography-time-of-flight-mass spectrometry. Any 

differences in the time course of VOCs patterns upon intake of active and control 

products were investigated by regularized multivariate analysis of variance 

(rMANOVA).  

The rMANOVA analysis revealed statistically significant differences in the exhaled 

breath composition 240 min after ingestion of the active formula compared to control 

product (p-value<0.0001) but did not show significant changes between active and 

control product at any earlier time points. A set of eight VOCs in exhaled breath had 

the highest contribution to the difference found at 240 minutes between the two 

formulas. A set of ten VOCs was different between baseline and the two formulae at 

T240 with p-value <0.0001. To our knowledge this is the first study that shows the 

ability of VOCs in exhaled breath to monitor metabolic effects after ingestion of infant 

formulae with different lipid structure. The statistically significant differences in 

compound abundance found between active and control formula milk may be related 

to: (i) specific differences in the digestion, (ii) absorption of lipids and proteins and 

(iii) assimilation of the products in the gut. 
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Introduction  

Human milk from a healthy mother is considered the most beneficial form of infant 

nutrition providing the best nutritional components, the most efficient delivery of 

nutrients and best transfer of immunological protection from a mother to her child. 

The aim of various producers of infant formula is to improve their current product 

concept by mimicking, as close as possible, native beneficial characteristics of 

human milk.  The composition of human milk is very complex and dynamic and 

fluctuates over time. The content of human milk is associated with the maternal diet 

and phenotype [1,2]. Physiologically, fresh human milk contains fat globules that are 

on average about 2-10 times larger than those present in processed regular infant 

milk formulae. Moreover, the small fat globules present in infant formulae do not 

contain a phospholipid membrane that normally surrounds fat globules in human 

milk. In a study by Prentice et al.,[3], differences in dried blood spots lipid profiles 

were shown between human-fed versus formula-fed babies. Similarly, differences in 

Bifidobacteria count in fecal samples were found between formula-fed and human 

milk-fed infants [4]. Fat globule size influences the digestibility including gastric 

emptying and triglyceride metabolism [5,6]. Large fat globules are faster released 

from the stomach and thus result in earlier appearance and higher levels of 

triglycerides in blood [6]. In rats, this leads to a shift towards utilization of lipids in the 

metabolism of triglycerides for energy generation instead of incorporation and 

storage [6-8]. Small fat globules normally found in infant formulae remain in the 

stomach for a longer time and take more time to be absorbed in the gut. Therefore, 

they are less likely to be used for energy generation and might be used for fat storage 

to a large extent [7]. Early postnatal life is regarded as a critical period for the 

development of the metabolic system, which is programmed in early life in its 

functionality later in life. The relationship between infant feeding mode and long-term 

metabolic health could be related to the early-life growth trajectory. More specifically, 

rapid weight gain in early life has been related to higher risk of visceral adipose tissue 

in young children and adults [9,10]. A concept infant formula was developed with 

large, phospholipid coated lipid droplets (Nuturis) [11,12]. The beneficial effect of 

Nuturis infant formula was shown in a long-term experiment in mice [13]. Oosting 
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and colleagues [13] showed that exposure to Nuturis early in life, helped mice to 

cope better with a moderate western style diet later in life, implicating a metabolic 

imprinting effect of Nuturis. The study demonstrated that the early exposure to the 

large, phospholipid coated lipid droplet concept diminished the accumulation of 

adipose tissue and improved the metabolic profile in mice during adolescence.  

In the present study, the acute effect of Nuturis is examined in healthy male 

volunteers. The metabolic response upon ingestion of Nuturis (active) or standard 

infant milk formula (control) was tested and monitored in an exploratory, randomized, 

double-blind, controlled, crossover study up to 4h post-ingestion as reported earlier 

by Baumgartner et al.,[14]. Post-meal samples of exhaled air (0-4 h) were collected 

and analyzed for volatile organic compounds (VOCs) as a read-out for metabolic 

responses. The analysis of the broad range of VOCs in exhaled breath gained 

popularity over the last years as a diagnostic and monitoring tool [15,16]. Various 

metabolic processes generate VOCs that are first released into the blood and then 

excreted via the lungs due to low solubility. In addition, the microbiome present in 

the gastrointestinal tract generates a number of volatile compounds during the 

metabolism of nutrients and xenobiotics [15]. Some of these compounds are 

excreted into faeces, while others enter the systemic circulation where they might be 

further modified by host metabolism and eventually excreted in breath. A single 

breath contains 300-500 VOCs occurring in nmol/l-pmol/l concentrations and can be 

detected with several analytical techniques, including gas chromatography and mass 

spectrometry-based methods [17]. The number of VOCs in a series of breath 

samples may reach up to 3000-5000 due to inter-individual differences. Recent 

studies show that VOC profiles in exhaled air change due to, for instance, a gluten-

free diet or the amount of fiber in the diet [18,19]. Therefore, we hypothesize that 

specific VOCs should be detected in exhaled breath after consuming two different 

formulas milk. In this study, we aim to explore the feasibility of exhaled air samples 

comparing the postprandial kinetics of two infant formulae, differing only in fat droplet 

size and phospholipid coating.   
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Materials and Methods 

Study participants 

As reported previously [14] 29 healthy, non-smoking adult males with lactose and 

milk tolerance (age 18-25, BMI 20-25 kg/m2) with no current and former known 

diseases and malfunctions (such as fat malabsorption, gastrointestinal 

malformation, hemophiliac, hepatitis B, HIV, high blood-pressure, hyperlipidemia, 

diabetes, flue, or severe diarrhea) and with no current use of any medications nor 

follow any specific diet participated in the study. The sample size of 29 was 

determined for a two-side effect (p<0.05) of 20% and a discriminative power of 80%. 

All study participants gave written informed consent prior to inclusion. The study 

protocol was approved by the Maastricht University Medical Center+ (MUMC+) 

Ethics Committee (13-3-056.5/ab) and was in compliance with the revised 

Declaration of Helsinki (64th WMA General Assembly, Fortaleza, Brazil, 2013). The 

trial is registered at the Dutch Trial Registration, http://www.trialregister.nl (clinical 

trial number: NTR4463, registered on 10.03.2014) [14]. 

Study design 

The study design was randomized, cross-over, and double-blind with allocation ratio 

1:1, and performed in one center at Maastricht University, the Netherlands. The 

participants were assigned a random number at study entry after which the 

correspondingly numbered envelope was opened with the sequence of the study 

product the subject was receiving.  The Excel was used for simple randomization of 

the study product for the participants.  Note that the randomization was unknown to 

the investigator performing the study and to the site staff. The sequence was, 

however, known to the statistician who was responsible for making the 

randomization sequence, and the Supplies Manager who had to label the study 

products. The schematic diagram of the study is shown in Figure 1. The study 

consisted of two similar test days (day 1 at week 1 and day 1 at week 2). Each test 

started with a pre-test period (day -1 at week 1 and week 2) of one day preceding 

the actual study. At day -1 participants were not allowed to sport, drink alcohol, or 
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eat high fat meals (i.e., >10g fat/meal). At the first day of the study (day 1 at week 1) 

fasting participants were asked to drink prepared shakes (4 times 100 mL within 1 

min each and with 1 min interval). The subjects received Nuturis (called active) or 

control product in randomly assigned order. Both study products were infant milk 

formula (IMF) and contained an equal fat load of 37.5 g in 400 ml. The active product 

contained large phospholipid coating of lipid droplets [11,12], while the control 

product was commercially available IMF from Nutricia. The breath was collected 

before ingestion of a study product (baseline measurements, T=0) and at the 

following time points after the test meal: 30, 60, 120, 180 and 240 min. After the first 

day of the study a wash-out period of five days was considered sufficient to erase 

the effect of one test to another and to start the second analogous test day of the 

study. 

Figure 1. The schematic diagram of the study design.    

Exhaled air sampling and analysis

At five time points after intake of the test meal (Figure 1), and one baseline time point 

before ingestion, exhaled air was collected from subjects [19]. Subjects exhaled 

breath into a 3L Tedlar bag (Tedlar bag, SKC Ltd, Dorset, UK) whose content was 
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thereupon transferred to a carbon-filled stainless steel sorption tubes (Markes 

International, Llantrisant Business Park, UK) where the breath compounds were 

trapped and stored until the actual analytical analysis (between 2-6 weeks at room 

temperature). The content of the sorption tubes was analytically analysed by Gas 

Chromatography coupled with time of flight-Mass Spectrometry (GC-tof-MS). The 

carbon tubes were placed inside the thermal desorption unit (Marks Unity desorption 

unit, Marks International Limited, Llantrisant, Wales, UK) and quickly heated to 270 

°C in order to release all volatile molecules and to transport the released volatiles 

onto the GC. The volatile compounds trapped on the sorption tubes were released 

under a flow of Helium using automated thermal desorption. Next, the vaporous 

mixture was divided into two parts, 90% of the sample was recollected on an identical 

sample tube and 10% of the sample was transferred to an electrically cooled sorbent 

trap (5°C) from which it was injected into a GC (column: RTX-5ms, 30 m × 0.25 mm 

5% diphenyl, 95% dimethylsiloxane, film thickness 1 mm, Thermo Electron Trace 

GC Ultra, Thermo Electron Corporation, Waltham, USA). The temperature of the GC 

was programmed as follows: first 40°C for 5 minutes then rose by 10°C every minute 

until 270°C was reached. This temperature was maintained for 5 minutes. Within the 

tof-MS part electron ionization at 70eV was applied with a 5Hz scanning rate over a 

range of m/z 35-350. The tof-MS allows for compounds detection and identification 

based on their total mass spectrum. Tof-MS measures the time necessary to travel 

in a field free region from the ionization source and acceleration field to a detector 

plate. Because all ions have the same kinetic energy (E = ½mv2), ions with different 

mass-to-charge ratio (m/z values) are separated in the flight tube based on their 

velocity. Note, that due to practical limitations, i.e., absence of standard reference 

materials for a priori unknown VOC, compounds are quantified using relative 

quantification, i.e., determining the response ratio between a VOC and other VOCs. 

The output of the GC-tof-MS consists of two dimensions: retention time and m/z 

value and thus, for each measured compound in a breath sample, retention time and 

mass spectrum are available. These two parameters are also used in the chemical 

identifications of the VOCs that are selected after multivariate statistical analysis and 

are considered to contain valuable information [3]. Spectrum recognition using the 

National Institute of Standards and Technology library in combination with spectrum 
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interpretation by an experienced Mass-Spectrometrist and identification based on 

retention times of compounds were used to obtain a putative chemical identification 

of the relevant VOCs.  

Data pre-processing and statistical analysis 

Data pre-processing of the raw data is implemented before the actual statistical 

analysis, as previously described [20]. Shortly, first the beginning and end of each 

chromatogram (retention time either <1.3 or >23 min) were removed because of 

noisy mass spectra at the beginning of the chromatograms and column bleeding at 

the end of each run. Then noise removal was performed via wavelets transformation 

and baseline correction by means of P-splines. Next step of data pre-processing is 

the creation of the peak list for each Total ion current (TIC) chromatogram allowing 

calculation of area under the peaks. Note that these areas are proportional to the 

relative amounts of measured compounds in exhaled air. Next, the area under the 

peaks for each TIC chromatograms were merged by combining the corresponding 

compounds based on retention time and similarities in mass spectra. To make the 

chromatograms comparable the final step of pre-processing involved PQN 

normalization [21]. 

The postprandial time course of VOCs in expired air after ingestion of the study 

products were compared and tested for differences. All statistical analyses were 

performed using Matlab R2014b. 

Since each individual delivered 12 breath samples, intra-individual variation may 

obscure the information of interest. To diminish the influence of intra-individual 

variation centering per individual was performed. This allows converting all the 

relative compounds concentrations to fluctuations around zero for each individual 

instead of around the population mean. In other words, the biological mean for each 

individual is set to zero [22]. 

Before the actual statistical analysis, the presence of outliers is investigated by 

means of robust-Principal Component Analysis (r-PCA) [23]. The VOCs that are 

statistically different between active and control product over time and/or at a certain 

time point were found by means of regularized Multivariate Analysis of Variance 

(rMANOVA) for paired samples [24]. The rMANOVA technique is an extension of 
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standard MANOVA applicable with poor ratio between number of samples (n) and 

number of measured parameters (p), here volatiles in exhaled breath.  

To visualize the differences, groupings, and trends between active and control 

nutrition product principal component analysis (PCA) was performed on the set of 

selected significant VOCs. PCA converts the multidimensional data space into a low-

dimensional model plane using principal components (PCs). PCs are linear 

combinations of the originally measured compounds and can be summarized in 

score plots and loading plots. Score plot provides the summary and the relation of 

all measured samples in the space defined by PCs. In a loading plot the relation 

between measured compounds is displayed. The significance of the compounds was 

tested by means of the Wilcoxon Signed Rank Test [25] for paired samples, with 

Benjamini-Hochberg correction [26]. A significance level of p-value < 0.05 was 

selected.  

 
Results 

Data 

29 individuals delivered exhaled breath samples at five time points and at baseline 

leading to total number of 348 samples. The initial quality check of the data and r-

PCA led to the removal of 35 samples. Therefore, from the total number of 348 

samples, the statistical analysis was performed on 313 samples. In these 313 

samples a total of 875 compounds was measured. Because the majority of individual 

VOCs was detected only in a limited number of samples the rule was applied that a 

compound was only kept for further analysis if it was present in at least 20% of the 

samples in one of the experimental groups or time point [19]. This led to a final data 

matrix containing 348 VOCs.  

Active vs. control products 

The rMANOVA models were performed on samples obtained at each corresponding 

time point for the two products (active and control). This analysis showed a 

significant difference between active and control product only at time point 240 (p-

value<0.0001). None of the earlier time points revealed significant differences in 
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VOCs profiles between the two formulae. In Figures 2A-B the averaged VOCs 

profiles for active and control products at baseline T0 and T240 are shown, 

respectively. As could be expected the VOCs profiles of both groups are similar 

(Figure 2A) at baseline, i.e., before ingestion of the formula. Four hours (240 

minutes) after consuming the nutrition product the averaged VOCs profile revealed 

visible differences, as shown in Figure 2B. The largest differences can be seen in 

the chromatograms between RT of 16 and 19 min. 

Figure 2.  The averaged VOCs profiles for active and control products at: A) baseline T0, i.e., before 
consumption of the nutrition product; the VOCs profiles of active and control product are similar at the 
baseline. B) at T240, after consumption of the nutrition product; the VOCs profiles are different between 
the two nutritional products.

A set of eight VOCs was selected to be statistically significant (p-value<0.0001) 

between active and control products by rMANOVA at time point 240. This set was 

re-analysed in a separate PCA analysis and the corresponding PCA score plot is 

shown in Figure 3. Each diamond and circle point corresponds to a breath sample 

of an individual consuming an active or control nutritional product. The PCA score 

plot shows differences between the two products along PC1 and PC2 explaining 

48% of the total variance. Six samples from the control nutritional group seems to 

have a profile of compounds similar as those from the active group as they can be 

found in the cluster of samples of the active product group. The changes in the 

relative concentration of each of eight significant compounds is demonstrated in 
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Table 1. Three compounds out of eight (2-methyl-propanoic acid, 2,4-

dimethylhexane and C5H7COOH) point in the direction of active product, indicating 

higher concentrations of these breath compounds in the active group. The opposite 

is seen for the remaining compounds as shown in Table 1. 

Table 1 shows the identified and unidentified VOCs and their relative concentrations 

change in breath samples obtained from individuals on active versus control product 

at T240. Up or down regulation of VOC concentrations is indicated as (+) or (-), 

respectively, with reference to control nutrition product at T240.

Though it is the combination of all 8 VOCs that yields high differences, we also 

analyzed the statistical importance of the 8 individual VOCs between both products 

using the Wilcoxon Signed Rank Test. Interestingly, all 8 compounds were 

statistically significant different, with a p-value ≤ 0.05 (Table 1). 

Figure 3. PCA analysis performed on 8 significant VOCs excreted in breath samples obtained at T240 
of active and control products. The individuals are marked with respect to nutrition product (diamonds 
for active and circles for control products). The lines correspond to compounds used in the PCA 
analysis. 
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Table 1. List of 8 VOCs which changes in concentrations were significantly different between both 
products at T240. (-) indicates decrease in VOC concentration, while (+) indicates increase in active 
product compared to the control group. P-value indicates the statistical significance of the compounds. # 

The exact isomer could not be determined. 
 

The analysis by rMANOVA did not reveal significant differences between both 

products at earlier time points (i.e., T0, T30, T60, T120 and T180). The differences 

observed at T180 were on the border of being significant with a p-value of 0.054. 

The PCA analysis performed on the set of 8 significant volatiles at T180 did not 

reveal clear clustering of the groups.  

T0 vs. T240 for active and control product 

In a second approach, the rMANOVA analysis selected a set of 10 VOCs (p-value< 

0.0001) that differ significantly between exhaled breath taken at baseline T0 and 

T240 (both nutrition products taken together). Two of these compounds were also 

part of the initial set of 8 VOCs that differentiated between active and control 

products at T240. Both sets of volatiles were combined, leading to a new set of 16 

VOCs and PCA analysis of all T0 and T240 samples was performed on this 

combined set. The resulting PCA score plot is shown in Figure 4. The variance 

Nr. Putative identification Relative change p-value 

1 Isoprene (-) 0,006 

2 C8H18 branched# (-) 0,006 

3 2-methyl-propanoic acid (+) 0,007 

4 2,4-dimethylhexane (+) 0,006 

5 2- or 3-methylthiophene# (-) 0,02 

6 Decalactone (-) 0,006 

7 C5H7COOH# (+) 0,007 

8 1,2,4-trimethylbenzene (-) 0,02 
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observed along PC1 (explaining 31% of total variance) corresponds to differences 

in VOC profiles between T0 and T240 measurements (both products) while PC2, 

explaining 12% of variance represents the differences between active and control 

group at T=240. For the comparison purpose two additional combinations of PCA 

score plots were performed, namely: (i) for samples obtained at T240 for active and 

control product using a set of 16 VOCs, and (ii) for samples obtained at T0 and T240 

for active and control product using a set of eight VOCs. The corresponding PCS 

score plots can be found in the supplementary material (see Figure 1S-2S).  In Figure 

1S and 2S, the active and control products create the distinct cluster of samples, 

indicating differences in volatile metabolites profile.

As indicated before, a set of 10 VOCs was found to be statistically significant by 

rMANOVA and these VOCs contribute to the differentiation between baseline 

measurements and measurements at T240 (i.e., fasting versus postprandial) of both 

product groups. The relative importance and putative identification of each of these 

10 volatile compounds is presented in Figure 5. Four of these volatiles were more 

Figure 4. PCA scores plot for breath samples measured at baseline T0 and T240 for active and 
control nutrition products based on 16 volatile compounds. The samples are coded with respect to 
time (square for T0) and nutrition product (diamonds for active and circles for control at T240).
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abundant in breath of individuals after consuming one of the products at T240 

relative to the baseline measurements. The significance of the individual volatiles is 

shown in Figure 5. Nine out of 10 compounds were statistically significant with p-

value<0.0001, while one compound had a p-value < 0.05 (Figure 5). 

From the first set of 8 VOCs 7 were putatively chemically identified, while for the one 

remaining compound the exact isomer remained unknown. From the set of 10 VOCs, 

8 were chemically identified, whereas for the remaining two the exact chemical 

formula remained unknown. Some compounds could not be chemically identified 

due to insufficient mass spectrum, overlap in the retention time or absence of mass 

spectrum in the library.

Figure 5. PCA loading bar plot depicting the relative importance of the 10 significant volatiles in the 
separation of all T0 and T240 breath samples for both products. Bar length is proportional to compound 
importance. Bars projecting to the left indicate greater abundance in breath samples taken at T0, while 
those projecting to the right indicate greater abundance in breath samples taken at T240. **p-
value<0.0001, *p-value< 0.05. The exact isomers of C9H12O, C10H22 and C8H18 could not be determined.
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Discussion 

In this study we demonstrate changes of exhaled VOCs in breath after consumption 

of different infant formulae. This finding opens possibilities of alternative, non-

invasive ways of investigating and monitoring postprandial effects of nutritional 

products, for instance, in infants and small children. We studied the effect of two 

infant milk formulae, active (Nuturis containing large phospholipid coating of lipid 

droplets) and control (commercially available IMF from Nutricia) product, up to 4 

hours upon ingestion, in a group of healthy, non-smoking males on the postprandial 

profile of VOCs in exhaled air. We found that a limited number of eight VOCs to be 

statistically different between the active and control nutritional products at T240 only, 

not at earlier time points. In an adult person, the transit time for food to pass from 

oral intake and subsequent fecal excretion varies between 24-72 hours. In this 

course, the gastric emptying takes about 2-6 hours and food enters the small 

intestine where it takes about 3 hours to empty half of its content. Our results show 

that the largest difference in breath VOC composition between the two formulae was 

observed after 4 hours (p-value<0.0001), i.e., the time that food enters the small 

intestine and nutrients might be absorbed there. Marginal significance was shown at 

earlier time point, i.e., T180 (p-value=0.054). Although, the results showed statistical 

differences after 4 hours of consuming the test products, it is unknown till when the 

differences hold, since no further time points were sampled. Moreover, the 

differences shown here are demonstrated for healthy males and therefore it is not 

completely sure what the outcomes will be if infants are investigated.  

The main study outcome reported by Baumgartner et al., [14] shows that consuming 

active product results in an earlier peak of plasma glucose, insulin levels and an 

earlier time to nadir in non-esterified fatty acids plasma concentrations. In addition, 

plasma triacylglycerol levels were slightly significantly elevated after 3 hours. The 

differences in these parameters and VOCs excretion after 3 to 4 hours might be 

explained by dissimilarities in absorption due to different fat globules and the 

phospholipid coating. Another finding of our study was that a set of ten VOCs in 

exhaled air was found to be statistically significant after 4 hours (T240) compared 

with before consumption. They might well reflect differences between the fasting 
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stage and the satiation/digestion stage. In addition, we tested whether there are 

significantly different compounds between T0 and T240, separately, for active and 

control product (data not shown). In the set of most significant VOCs we found two 

compounds, 2-methyl-propanoic acid and C5H7COOH, which were significantly 

different between active and control product at T240 as well contributing to the 

differentiation between T0 and T240 when active and control products were 

combined as one group. This indicates that those compounds might be specific to 

consuming of the active product.  

 We found the levels of cyclohexane and estragol to be significantly different 

between T0 and T240 measurements. Moreover, the levels of decalactone and 

1,2,4-trimethylbenzene were significantly lower after consumption of active 

compared to the control product. The origin of these four compounds is not entirely 

certain but heterocyclic and aromatic compounds might be of dietary origin (mostly 

from plants) or air pollution [27].  The fat content of both active and control formulae 

consists of a blend of vegetable oils indicating that these heterocyclic and aromatic 

compounds are presumably originating from diet.  

One of the selected compounds is 2-methylpropanoic acid (isobutyric acid), which 

was found to be statistically significantly higher in the active than in the control group 

at T240, and also significantly higher at T240 (combined groups) compared to T0 

measurements. This compound is a structural isomer of butyric acid, which is a short 

chain fatty acid produced by colonic bacteria during fermentation processes of 

undigested carbohydrates [28,29]. 2-methylpropanoic acid belongs to the group of 

branched short chain fatty acids (BSCFAs), which might arise from dissimilation of 

amino acids [30]. Similarly, the levels of C5H7COOH (unsaturated fatty acid, for which 

the exact isomer could not be determined) was found to be significantly elevated in 

the active group compared to the control group. Although the formula milk is known 

to contain saturated and unsaturated fatty acids, the source of this compound in 

exhaled breath remains elusive.  

The amount of 1-methylthiopropane was found to be lower after consumption of 

active or control product at T240 when compared to baseline measurements. 1-
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methylthio-propane passes into alveolar air from the blood, where it may originate 

from drug or diet [31]. However, in the current study the healthy volunteers did not 

take any drugs, and a plausible explanation of the sulfur compounds’ source cannot 

be offered. Another sulfur-containing compound, 2(or 3)-methylthiophene, was 

found to be significantly lower in the active compared to the control group. Various 

sulfur-containing compounds were previously reported in breath, faeces, blood and 

urine [32-34] and their origins were linked to sulphate-reducing bacteria, Clostridia 

in the gut, vegetables, nut, bread and beer in the diet.  

A large number of linear and branched hydrocarbons have been found in breath of 

healthy as well diseased individuals [16,33-35]. Unsaturated fatty acids consumed 

in our diet can be expected to create many hydrocarbons by chain cleavage and 

peroxidation [33]. Various hydrocarbons are stable end products of lipid peroxidation 

and have low solubility in blood, so within a few minutes upon their generation they 

will be excreted via breath. We found several branched and linear hydrocarbons to 

be different between T0 and T240 measurements as well as between the two study 

products. For instance, butane level was found to be reduced in active and control 

product at T240 in comparison to baseline measurements. Although, butane has 

been related to inflammatory processes occurring in the body [36], it is also known 

that it is produced by the gut microbiome [16].  

Isoprene is one of the most abundant endogenous compounds found in exhaled air 

[37]. Isoprene is a by-product of cholesterol biosynthesis along the mevalonic acid 

pathway [33,38]. The level of isoprene in exhaled breath is proportional to the level 

of cholesterol in blood and therefore there has been a lot of investigation towards 

the use of breath isoprene analyses as a non-invasive diagnostic tool to measure 

blood cholesterol levels or cholesterol synthesis rate [39]. The link between isoprene 

and cholesterol metabolism is further sustained by the observation that there is an 

instantaneous decrease in isoprene excretion and sterol synthesis upon the 

administration of lovastatin, a lipid-lowering drug. Therefore, a diet which is rich in 

cholesterol is responsible for a reduction of isoprene in exhaled breath [40], hence 

monitoring the isoprene level in exhaled breath might be a monitoring marker of lipid 

and cholesterol status [16]. The level of isoprene was found to be significantly lower 
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after the consumption of Nuturis (active product) in comparison to control product at 

T240. This result is particularly interesting since this would indicate that the sterol 

synthesis is lower in the active group in comparison to control. As the active meal 

contained 50% more cholesterol than the control meal, the endogenous cholesterol 

synthesis might be more inhibited, hence leading to lower isoprene co-production 

levels. Moreover, active product (Nuturis) contains larger sized fat droplets than 

control, causing its passage from the stomach to the duodenum to be faster, leading 

to an accelerated uptake of fat into the blood. This may suggest that after consuming 

the active product the plasma levels of lipid and cholesterol rise faster in comparison 

to the control product. This finding is in line with Baumgartner et al., [14] who reported 

faster increase in blood postprandial triacylglycerol after intake of active product in 

the same group of participants.  

The use of GC-MS in the future implementation of the presented study in infants 

might be visible but selecting another approach might be more optimal. GC-MS 

methodology is an offline approach where content of exhaled breath is pre-

concentrated on sorption tube and later analytically measured [41]. An alternative 

technique, capable of detecting in sensitive and fast manner of various volatile 

metabolites in exhaled breath, is multi capillary column- ion mobility spectrometry. 

This methodology seems more applicable in infants since the content of breath can 

be measured directly and it takes about 5-10 minutes for complete analysis of 

exhaled air.  This method has been successfully applied to various fields such as 

process control [42, 43], biological analysis [44, 45] and medical application [46, 47].  

In the current study, the various time points were compared individually to each 

other. However, another approach could be applied, where a longitudinal aspect of 

the data is taken into account to look for the relevant compounds in exhaled breath 

that change over time. Recently, Hauschild et al., proposed a novel algorithm to first 

find the compounds that change over time and to define the slope of their change in 

exhaled breath [48]. 

In summary, we have shown the postprandial effect of two infant formulae (active 

and control) on the VOC composition of exhaled breath. Some of these VOCs may 

be indicative of specific differences in the digestion and absorption of the two studied 
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products or the role of the gut microbiome in the assimilation of the products. Both 

should be subject of further investigations.  
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Abstract 
 
Background: The diagnosis of Irritable Bowel Syndrome (IBS) is challenging 

because of its heterogeneity and multifactorial pathophysiology. No reliable 

biomarkers have been identified so far.  

 

Aims: In this case-control study we investigated a novel application of breath 

analysis to distinguish IBS patients from healthy controls based on a set of volatile 

organic compounds (VOCs). Additionally, the VOC-biomarker set was correlated to 

self-reported gastrointestinal (GI) symptoms of subjects of the Maastricht IBS clinical 

cohort (MIBS) and of a general population cohort, LifeLines DEEP (LL DEEP). 

 

Methods: Breath samples were collected from 170 IBS patients and 153 healthy 

controls in MIBS and from 1,307 participants in LL DEEP. Multivariate statistics were 

used to identify the most discriminatory set of VOCs in the MIBS cohort, and to find 

associations between VOCs and GI symptoms in both cohorts.  

 

Results: A set of 16 VOCs correctly predicted 89.4% of the IBS patients and 73.3% 

of the healthy controls (AUC=0.83). The VOC-biomarker set correlated moderately 

with a set of GI symptoms in the MIBS (r=0.55, p=0.0003) and LL DEEP cohorts 

(r=0.54, p=0.0004). A Kruskal-Wallis test showed no influence from possible 

confounding factors in distinguishing IBS patients from healthy controls. 

 

Conclusions: A set of breath-based biomarkers (16 VOCs) that distinguishes IBS 

patients from healthy controls was identified. The VOC-biomarker set correlated 

significantly with GI symptoms in two independent cohorts. We demonstrate the 

potential use of breath analysis in the diagnosis and monitoring of IBS, and a 

possible application of VOC-analyses in a general population cohort.  
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Introduction 
 
Irritable Bowel Syndrome (IBS) is a functional gastrointestinal (GI) disorder 

characterized by abdominal pain and altered bowel habits. IBS has a high 

prevalence of up to 15% among the general population in Western countries [1]. It is 

a heterogeneous disorder with a multifactorial pathophysiology including alterations 

in e.g., intestinal motility, visceral perception, intestinal microbiota, barrier function, 

low-grade immune activation, and psychological factors [2]. The diagnosis of IBS is 

symptom-based, using the Rome III criteria [3] and objective and validated 

biomarkers are lacking [4]. When available, the ideal biological marker should 

differentiate IBS patients from healthy individuals and from patients with organic GI 

diseases, such as inflammatory bowel diseases (IBD). Biomarkers for IBS should 

not only provide insight into the pathophysiological mechanisms that generate 

symptoms but should also correlate with symptom severity and thereby may be 

helpful in quantifying efficacy of therapeutic interventions in IBS [5].  

 

Searches for individual biomarkers in IBS have failed so far, mainly because of the 

inability to capture the complexity and heterogeneity of IBS and the variation in 

symptoms [5, 6]. Therefore, we propose a more holistic approach. Using multiple 

characteristics and factors simultaneously, we intend to cover the full heterogenic 

spectrum of IBS. Analysis of exhaled breath is a promising and non-invasive tool in 

disease diagnosis and monitoring [7-12]. Hundreds of volatile organic compounds 

(VOCs) are present in human exhaled breath, of which the majority is comparable 

between individuals. Some compounds, however, differ significantly according to 

pathophysiological processes and metabolic differences and may indicate certain 

states of health or disease. Volatiles originate from several sources including 

inflamed tissue, normal and altered metabolic pathways of both the host and its 

microbiome. Upon formation, VOCs reach the blood-lung barrier through the blood 

stream and, due to their low solubility, are easily and rapidly excreted via the airways. 

A recent pilot study successfully tested VOCs biomarkers in paediatric inflammatoiry 

bowel disease [12]. Furthermore, we have recently demonstrated that a set of VOCs 

can separate healthy controls and patients with active Crohn’s disease and Crohn’s 
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disease in remission in a real-life cohort [9]. Our findings are indicative for the 

potential of VOCs analyses in monitoring disease activity in this type of inflammatory 

bowel disease. However, wheather VOCs analyses have additional value in the 

diagnostic process and follow-up of IBS remains unlclear.   

 

The aim of the present study was to use VOC analysis of exhaled breath to identify 

the presence of IBS and to search for correlations between VOCs and GI symptoms 

in both IBS patients and individuals from a general population cohort. More 

specifically, our research aims were: 

1. To determine and validate a specific set of VOCs that distinguishes IBS patients 

from control subjects without GI complaints, using the clinical Maastricht IBS 

cohort (MIBS). 

2. To test whether our set of VOCs correlates with GI symptoms in the MIBS cohort. 

3. To test a possible application of the VOC biomarker set in a general population 

cohort, by testing whether our set of VOCs relates to more pronounced GI 

symptoms reported by subjects in a general population cohort (LL DEEP cohort). 

 
Materials and methods 
 
Study participants 
 
Two cohorts were included into this study. The Maastricht IBS (MIBS) cohort was 

used for the aim 1 and 2, as it represents a well-defined group of IBS subjects and 

also age and gender matched controls, free of GI complaints. Aim 3 was 

accomplished by inclusion of a general population cohort, the LL DEEP cohort. 

All study participants gave written informed consent prior to inclusion. Study 

protocols were approved by the Maastricht University Medical Center+ (MUMC+) 

and University Medical Centre Groningen (UMCG) Ethics Committees, respectively, 

and were in compliance with the revised Declaration of Helsinki (64th WMA General 

Assembly, Fortaleza, Brazil, 2013). The MIBS cohort was registered in the US 

National Library of Medicine (http://www.clinicaltrials.gov, NCT00775060).  
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MIBS cohort 

 

Breath samples were collected from 170 well-phenotyped IBS patients and 153 age 

and gender matched healthy volunteers without GI complaints, who participated in a 

large clinical cohort study (MIBS) on the phenotypic and genotypic characterization 

of patients with IBS [13]. 

IBS patients, with the age ranging from 18 to 75 years, had been included in the 

cohort between September 2009 and January 2014 via the Gastroenterology-

Hepatology outpatient clinic of Maastricht University Medical Centre+ (MUMC+), a 

secondary and tertiary referral centre, and via general practitioners (GPs). All 

patients were diagnosed according to the ROME III criteria and were examined by a 

gastroenterologist or GP. GI endoscopy, abdominal imaging and/or blood and faecal 

analyses were performed to exclude organic disease when indicated. Patients with 

a history of abdominal surgery, apart from appendectomy, laparoscopic 

cholecystectomy, or hysterectomy, were excluded. Age and gender matched healthy 

controls were enrolled via public advertisements and were subjected to a detailed 

medical interview to exclude the presence of GI disorders and current or previous GI 

complaints or symptoms.  

All participants filled in questionnaires on demographics and lifestyle. Their GI 

symptoms were assessed by an end-of-day GI symptom diary recorded for two 

weeks [13]. Mean 14-day scores per symptom were used for the analyses. Data on 

medication use and medical history were self-reported and cross-checked with 

hospital medical records.  

 

LL DEEP cohort 

 

Adult participants were enrolled from LifeLines, a large general population cohort in 

the Netherlands [14]. In a subgroup of 1307 non-selected participants of this cohort, 

exhaled breath samples were collected, along with a 7-day GI symptom diary, 

identical to the 2-week GI symptom diary used in the MIBS cohort. Information on 

clinical diagnoses of IBS was not available for these subjects. This sub-cohort of 

Lifelines (i.e., LL DEEP: LifeLines Detailed Extensive Examination of Participants) 
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has been used for the current study and the study design of LL DEEP has been 

described in detail elsewhere [15].  

 
Sample collection and analysis 
 
Each participant inflated a 3 L Tedlar Bag (SKC Ltd, Dorset, UK) with no specific 

instructions on the method of exhaling. For each cohort, all samples were collected 

in the same room. To avoid content alterations, the VOC contents of each bag was 

captured within an hour in stainless-steel two-bed sorption tubes, filled with 

carbograph 1TD/Carbo-pack X (Markes International, Llantrisant, UK) and stored at 

room temperature until analysis [16]. Breath samples were analysed by thermal 

desorption-gas chromatography combined with time-of-flight mass spectrometry 

(TD-GC-tof-MS), as previously described [16].  

 
Statistical analysis 
 
Raw GC-tof-MS data were pre-processed to diminish the effects of noise, column 

bleeding, and chromatographic drift, as described previously [17]. 

The differences in the baseline characteristics were tested using independent 

samples T-test (for continuous normally distributed data) and Pearson Chi-squared 

test (for dichotomous data).  

 
Aim 1: Search for VOCs biomarker panel 

 

Random Forest (RF) was used to determine a set of volatile organic compounds that 

best separated IBS patients from controls in the MIBS cohort [17]. Therefore, 

chromatograms of IBS patients and the healthy control group were divided into a 

training (±80% of the total population) and an independent validation set (±20% of 

the population) [18] using the Duplex algorithm [19]. We included 123 subjects of 

each group in a training set to find discriminatory VOCs and build a RF model. The 

remaining 47 IBS patients and 30 controls were used as an internal validation set to 

test the predictive accuracy of the selected VOCs. The receiver operating 
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characteristic (ROC) curve was used to demonstrate the performance of the RF 

classification model for the validation set. For each sample, RF delivered a 

probability of it belonging to the IBS or control group. These probabilities were used 

as a range of cut-off values to calculate the sensitivity and specificity presented in a 

ROC curve. Within the training set we applied the bootstrap aggregating technique 

which is a sampling approach based on random selection of samples with 

replacement. The main advantage of bootstrap aggregating is the improvement of 

stability and accuracy of the classification model [20]. This was used for model 

optimization and the most discriminatory VOCs selection. Note that RF model was 

validated twice. The first validation is a standard part of RF classification model using 

bootstrap aggregating technique. The second validation was incorporated via an 

independent validation set. We did not apply commonly used cross-validation for 

estimating the power of the classification model because it leads to optimistic bias 

(i.e., too low error estimate) [21]. 

For visualization, we performed Principal Component Analysis (PCA) on the 

proximity matrix obtained from the RF model built on the set of discriminatory VOCs 

[17]. 

 

Influence of subjects’ characteristics and importance of individual VOCs 

 

Potential contribution of the external factors defined by subjects’ characteristics, to 

the separation by the set of 16 VOCs, was first checked by PCA score plots. To test  

whether any of the individual significant VOCs and the discriminatory profiles was 

statistically influenced by external factors (i.e., diet, smoking habit, alcohol 

consumption, symptoms of anxiety or depression, use of dietary supplements and 

use of medications indicated, all presented in Table 1), we then combined a Kruskal-

Wallis test with a Benjamini–Hochberg post-hoc correction for multiple testing with 

regularized multivariate analysis of variance [22, 23]. 
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Correlation between the VOC set and symptoms in MIBS (Aim 2) and LL DEEP 

population (Aim 3) 

 

Linear correlations between the most discriminatory set of VOCs and a set of 

symptoms including all items of the GI symptom diary were tested in the MIBS and 

in the general population LL-DEEP cohort, using canonical correlation analysis 

(CCA) [24] which is an extension of bi-variate correlation. CCA calculates a linear 

correlation that best explains the variability both within and between the biomarker 

panel and the various GI symptoms. 

 
VOCs identification 
 
The set of VOCs was tentatively identified by means of spectrum recognition, using 

the NIST (National Institute of Standards and Technology) library in combination with 

expert interpretation. 

 
Results 
 
Baseline characteristics 
 
Baseline characteristics of the MIBS cohort are given in Tables 1 and 2. Although, 

IBS patients and healthy controls exhibit several differences in lifestyle, intake of 

supplements and drugs intake, no differences were observed in demographic 

characteristic and use of specific diets (Table 1). As expected, IBS patients did reveal 

higher GI symptom scores in comparison to healthy controls (Table 2). In table 3, 

the characteristics of LL DEEP cohort have been shown. The demographic features 

of LL DEEP cohort resemble both groups of MIBS. The mean GI symptom scores 

are more comparable to healthy controls then IBS patients of the MIBS cohort, which 

is in line with the fact that LL DEEP is a general population cohort.  
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Healthy controls 

(n = 153) 
IBS patients 

(n = 170) 

Demographic characteristics 

Age (mean years ± SD) 43.7 ± 19.1 42.9 ± 16.7 

Female sex (%) 63.1 72.4 

BMI (mean kg/m2 ± SD) 24.0 ± 4.0 24.9 ± 4.4 

Lifestyle parameters 

Current smoker (%) 7.6 25.3*** 

Current or previous smoker (%) 38.6 51.3*** 

Alcohol intake: >0 units/week (%) 81.1 63.0*** 

Use of medication, 2 weeks prior to participation in study 

Use of any medication (%) 41.6 78.7*** 

PPI (%) 2.0 20.2*** 

SSRI (%) 2.7 9.2* 

Prokinetic drugs (%) 0.0 3.7* 

Laxatives (%) 0.6 17.8*** 

Antidiarrheal drugs (%) 0.0 4.3* 

NSAID (%) 10.1 9.8 

Antihypertensive drugs (%) 12.8 16.6 

Statins (%) 5.4 9.8 

Dietary habits 

Current use of any diet (%) 9.4 15.4 

Use of dietary supplements (%) 25.3 44.6** 

Table 1. Demographics and lifestyle of the MIBS cohort. 
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Table 2. GI symptom scores of the MIBS cohort. The 14-days end-of-day diary scores; 14-day means 
are presented. Differences between the two groups tested with the independent samples T-test. *p < 
0.05; **p < 0.01; ***p < 0.001. 
 

Demographical & lifestyle characteristics (n = 1307) 

Age (mean years ± SD) 45.4 ± 13.5 

Female sex (%) 58.2 

BMI (mean kg/m2 ± SD) 25.5 ± 4.4 

Current smoker (%) 19.6 

GI symptom scores, 7-day mean ± SD, 1-to-5 point scale 

Abdominal pain 1.2 ± 0.4 

Abdominal discomfort 1.3 ± 0.5 

Bloating 1.5 ± 0.6 

Belching 1.1 ± 0.4 

Nausea 1.1 ± 0.3 

Flatulence 1.8 ± 0.7 

Constipation 1.2 ± 0.4 

Diarrhoea 1.1 ± 0.3 

 
Table 3. Baseline characteristics of the LL DEEP cohort. The 7-days end-of-day diary scores; 7-day 
means are presented. 

 Healthy controls (n = 153) IBS patients (n = 170) 

GI symptom scores, 14-day mean ± SD, 1-to-5 point scale 

Abdominal pain 1.1 ± 0.2 2.2 ± 0.8*** 

Abdominal discomfort 1.1 ± 0.2 2.4 ± 0.8*** 

Bloating 1.1 ± 0.2 2.2 ± 0.9*** 

Belching 1.1 ± 0.3 1.6 ± 0.7*** 

Nausea 1.0 ± 0.1 1.6 ± 0.8*** 

Flatulence 1.3 ± 0.5 2.2 ± 0.8*** 

Constipation 1.1 ± 0.2 1.4 ± 0.6*** 

Diarrhoea 1.0 ± 0.1 1.5 ± 0.7*** 
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Preparation of MIBS and LL DEEP data 
 
In the MIBS cohort (170 IBS patients and 153 healthy controls), we obtained 323 

chromatograms by GC-tof-MS with a total of 587 different VOCs, each compound 

present in at least 20% of either IBS or healthy controls.  

 

For LL DEEP, a total of 1307 chromatograms were measured, showing 3283 VOCs 

in total. No reduction in VOCs was applied in this group, as we evaluated the 

application of the identified set of VOCs in this LL DEEP cohort. 

 

Data analysis 
 
Search for VOC biomarker panel in the MIBS cohort (aim 1) 

RF identified a group of 16 VOCs with best discriminatory power between IBS 

patients and healthy controls in the training set of the MIBS cohort. They were then 

tested on the independent validation set of the remaining 47 breath-o-grams of IBS 

patients and 30 of healthy controls, resulting in a sensitivity of 89.4% and a specificity 

of 73.3%, with a positive predictive value of 84% and a negative predictive value of 

81.5%. The corresponding ROC curve, with the area under the curve (AUC) of 0.83, 

is shown in Figure 1. PCA was then performed on the proximity matrix obtained from 

the RF model built on the 16 discriminatory VOCs. The corresponding score plot 

(Figure 2) shows the distributions of the breath-o-grams in the training set (red 

squares for IBS and blue circles for healthy controls) and in the validation set (black 

stars for IBS and black circles for healthy controls). There is a visible separation 

between the IBS patient and healthy control breath-o-grams in training set, but more 

importantly also in validation set. The partial overlap between the groups indicates 

that some IBS patients have VOC profiles more similar to healthy controls and vice 

versa, but these could not be related to either medical history or baseline clinical 

characteristics of these subjects. Furthermore, the overall variation was less in the 

healthy controls than in the IBS group.  
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Figure 1.  ROC curve performed on the validation set, with area under the curve (AUC) = 0.83.

Figure 2.  PCA score plot, on a proximity matrix obtained from the Random Forest model built on 16 
selected VOCs. Each point is a single chromatogram.
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The importance of the selected set of VOCs in discriminating IBS patients from 

healthy controls and their relative abundance trend in IBS patients are shown in 

Figure 4. The length of the bar in the Figure 4 indicates the importance of the 

compound in discriminating IBS from healthy controls. The relative concentrations of 

VOCs with a positive value are increased in the IBS group, and vice versa. 

 

Influence of subjects’ characteristics 

To ensure that the separation between the healthy controls and IBS patients (see 

Figure 2) was not related to other factors, we displayed all available information on 

the same score plot. No associations or trends were observed in relation to age, 

gender, smoking habits, use of dietary supplements, alcohol, a specific diet, and 

medication, or the presence of depressive and/or anxiety symptoms. PCA score 

plots indicating the relation between VOCs and eight external factors (diet, smoking, 

age, gender, increased symptoms of anxiety or depression, intake of supplements 

and use of medication), together with the reference plots indicating the distribution 

of IBS patients and healthy controls, are shown in Figure 3. Then all abovementioned 

factors were analysed using the Kruskal-Wallis test combined with the Benjamini–

Hochberg for each selected VOC. The set of discriminatory VOCs was tested with 

rMANOVA. No significant differences were observed between the levels of individual 

VOCs as well as for the discriminatory set and the studied factors.  

 

Importance of individual VOCs in the discriminative set 

Even though it is the combination of all 16 VOCs that yields that high discriminative 

power, we also analysed the relative importance of the 16 individual discriminatory 

VOCs between the IBS and control groups using the Kruskal-Wallis test. Twelve out 

of 16 compounds were statistically significant, with a p-value ≤ 0.05 (Figure 4).  
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Figure 3. PCA score plots, defined by PC1 and PC3, on a proximity matrix obtained from the Random 
Forest model built on 16 selected VOCs, with the reference plot in the middle. Each point is a single 
chromatogram, with points shaped by external factors. For some factors (medication, supplement use 
and diet), the chromatograms were shape-coded if the subject was on any medication vs. no medication, 
on any supplement vs. no supplements, and when following a specific diet (vegetarian, gluten-free, etc.) 
vs. a normal diet.
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Figure 4. The importance of the selected VOCs in discriminating IBS and healthy controls. The length of 
the bar, i.e., positive, or negative values, indicates the relative importance of the specific VOC within the 
set. The relative concentrations of VOCs with a positive value are elevated in the IBS group, and vice 
versa for the negative VOCs.

Correlation between VOC set and symptoms in MIBS cohort (Aim 2)

We found a significant correlation of r = 0.55 (p = 0.0003) between the set of 16 

VOCs and the set of following symptom scores: abdominal pain, discomfort, 

flatulence, and belching, which were assessed by the 14-day end-of-day GI 

symptom diary; for all symptoms 14-day mean scores were used (see also Table 2). 

No correlations were found between the VOCs and the other GI symptom scores 

measured.

Application of the biomarker panel in the general population LL DEEP cohort (Aim 

3)

Similarly, we investigated the correlation between the discriminatory set of VOCs 

and the set of eight available symptoms from the 7-day end-of-day GI symptom diary 

available for the LL DEEP cohort (Table 3). Mean symptom scores were very low as 

many general population subjects do not report any symptom. Therefore, only 

subjects with a 7-day mean scores for abdominal pain or discomfort above 1.5 (on a 
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1-to-5 point scale), were used in the correlation analysis. A mean score of 1.5 or 

higher indicates the subject had at least 2 days moderately severe or 4 days slightly 

severe GI symptoms during those 7 days. This cut-of value of 1.5 was further 

supported by data of the MIBS cohort in which 95% of healthy controls had end-of-

day diary mean-scores below 1.5 for these GI symptoms and was found in 239 

subjects of the LL DEEP cohort. In this subgroup, a moderate and significant 

correlation was found between our set of VOCs and the following set of symptoms: 

abdominal pain, flatulence, belching, bloating, diarrhoea, and nausea (r = 0.54, p = 

0.0004). 

 

Discussion 
 

In this study, we have demonstrated the potential of VOCs in exhaled breath analysis 

for diagnosis and monitoring of IBS patients. The first aim of our study was to apply 

a holistic metabolomics approach to identify biomarkers for IBS. We analysed a large 

number of exhaled VOCs and searched for differences in patterns between IBS 

patients and healthy controls. A pattern of 16 VOCs was identified to be most 

discriminative for the presence or absence of IBS in a large group of well phenotyped 

IBS patients and healthy controls (MIBS cohort), with a sensitivity of 89.4% and 

specificity of 73.3%. Furthermore, we have shown that the selected VOCs correlated 

with IBS symptoms and were not affected by other host or disease-related factors.  

 

To our knowledge, this is the first time that a set of VOCs in exhaled air was able to 

predict the presence of a common functional gastrointestinal disorder, which can be 

considered an important first step forward in the design and development of reliable 

non-invasive biomarkers for IBS. The classification RF model and the selected 

discriminatory VOCs were validated twice. First, validation was a standard part of 

RF using the bootstrap aggregating approach. The second validation consisted of 

an independent validation set of IBS patients and healthy controls not used in any 

steps of model optimization and creation. This procedure ensures the reliability of 

the classification RF model and the correct selection of the set of discriminatory 

VOCs. 
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As the diagnosis of IBS is based on symptoms, our second aim was to test whether 

our VOC biomarker set would also correlate with severity of GI symptoms in these 

subjects. Four GI symptom scores showed a moderate though highly significant 

correlation (r = 0.55, p = 0.0003) with the set of 16 VOCs in the clinical IBS cohort. 

This finding could be clinically useful, with the prospect to improve monitoring of IBS 

disease course in intervention studies, especially given the high placebo response 

in these patients.  

 

Since functional GI symptoms observed in IBS patients are common in the general 

population, next we tested a possible application of the VOCs in a general population 

cohort (LL DEEP). This cohort was not included in the current study as an external 

validation cohort, but to test the potency of the biomarker panel to pick up the 

presence of gastro-intestinal symptoms in the general population. We used the same 

set of VOCs and tested the correlation to GI symptom scores in these study 

participants. The set of 16 VOCs also correlated moderately but significantly with GI 

symptom scores in this subpopulation (r = 0.54, p = 0.0004). This finding is relevant 

for several reasons. First, it enables identifying subjects with GI symptoms among 

the general population. Second, it may offer an opportunity to monitor effects of 

interventions in relation to underlying pathophysiological mechanisms. However, for 

the latter a longitudinal study design is needed to further test this hypothesis. Since 

the collection of exhaled breath is non-invasive, easy to apply, and requires only a 

minimal time investment, this method is potentially suitable for use in large cohorts 

and highly prevalent conditions in the general population. 

 

Although each VOC can be interpreted and analysed separately, it is the 

combination of the 16 selected VOCs that yielded the highest discriminatory power 

between IBS patients and healthy controls. The biological interpretation and 

background of the compounds is difficult because of the complexity of the underlying 

metabolic pathways. However, even without the mechanisms being fully understood 

and explored, our VOC-biomarker set has potential value for diagnostics. IBS, or at 

least a considerable subgroup of the IBS population, is characterized by low grade 
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chronic inflammation or immune activation [25], which results in increased oxidative 

stress leading to oxidation of larger molecules including lipids (e.g., polyunsaturated 

fatty acids) [26]. This may give degradation products like hydrocarbons, dienes, 

aldehydes, lipid peroxides and isoprostanes, which are excreted as VOCs, and 

subtle changes may be detected in breath. Indeed, the majority of our selected VOCs 

belong to the (saturated or unsaturated) hydrocarbon family. Some of them, like n-

hexane, n-heptane and 1,4-cyclohexadiene, are increased in the IBS group, while 

others, like butane and 2-undecane, are increased in healthy controls. These 

compounds were all identified earlier as potential oxidative stress markers [27-29].  

 

Another factor known to contribute to IBS is changes in an altered gut microbial 

composition [30]. Products of microbial origin are found in exhaled breath, indicating 

that systemic alterations of the gut flora may also be one of the factors influencing 

breath composition [31, 32]. Interestingly, aziridine was found to be increased in 

breath of IBS patients in this study. This is a parent compound for organic 

substances containing the aziridine functional group, three-membered heterocyclic 

containing nitrogen. Aziridine containing compounds were previously detected in 

faeces but have not been described in exhaled breath before [33]. Aziridine 

containing compounds are isolated from the soil bacteria, Streptomyces caespitosus 

and lavendualeare, which are capable of living in symbiosis with plants, fungi, and 

animals [34]. Since they belong to the Actinobacteria Phyla, one of the four 

predominant phyla in the human body, it can be speculated that aziridines may be 

produced by this or other similar types of gut bacteria [35]. Antibiotic use is more 

frequent among IBS patients and certain microbiota strains may overgrow in a post-

antibiotic, replenished gut [36], leading to different metabolic breath profiles 

containing for instance, aziridine. It has to be noted that in our study population none 

of the IBS patients used antibiotics at least two weeks prior to inclusion. Aziridine 

origin in VOCs is purely speculative, nevertheless it suggests interesting connections 

that should be investigated further.  

 

Some limitations of our study should be discussed. One may argue that a diagnosis 

of IBS is based purely on symptoms and thus the need for biomarkers in IBS is 
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limited. However, daily practice is quite different, revealing high health care costs for 

diagnostic processing in IBS. In addition to the Rome III criteria reliable biomarkers 

could facilitate the diagnostic process of IBS [37] or may aid in identifying relevant 

subgroups for targeted therapeutic interventions [5]. We initiated this study as a first 

step using a metabolomics approach to explore IBS patients can be differentiated 

from controls whether based on an exhaled metabolite profile. We acknowledge that 

further validation is needed to replicate our data and to test the potency of our VOCs 

biomarker set in a second independent cohort in discriminating between IBS patients 

and subjects with comparable GI symptoms based on organic causes, such as 

Inflammatory Bowel Disease or Coeliac Disease. Furthermore, in depth research is 

needed to investigate the origin of the discriminatory VOCs and their potential link to 

the pathophysiology of IBS.  

 
Conclusions 
 
A set of 16 VOCs in exhaled breath can be used to distinguish IBS patients from 

healthy controls with 89.4% sensitivity and 73.3% specificity. We also demonstrated 

a moderate but significant correlation between sets of GI symptoms and the VOCs-

biomarker set for both clinical IBS patients and subjects in a general population 

cohort. This is the first study that shows the relevance of VOCs in exhaled air for the 

diagnostic process and for monitoring therapeutic interventions in IBS patients, but 

also demonstrates its potential to be used as a monitoring tool for gastrointestinal 

symptoms in the general public. 
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Abstract 

Background: Disappearance of macroscopic mucosal inflammation predicts long-

term outcome in Crohn’s disease (CD). It can be assessed by ileocolonoscopy, which 

is, however, an invasive and expensive procedure. Disease activity indices do not 

correlate well with endoscopic activity and non-invasive markers have a low 

sensitivity in subgroups of patients. Volatile organic compounds (VOCs) in breath 

are of increasing interest as non-invasive markers. The aim of the present study was 

to investigate whether VOCs can accurately differentiate between active CD and 

remission.  

Methods: Patients participated in a 1-year follow-up study and Harvey Bradshaw 

index (HBI), blood, fecal and breath samples were collected at regular intervals.  

Patients were divided in 2 groups: active (Fecal calprotectin (FC) >250 µg/g) or 

inactive (HBI<4 and CRP<5mg/l and FC<100µg/g) disease. Breath samples were 

analyzed by gas chromatography-time-of-flight mass spectrometry. Random Forest 

analyses were used to find the most discriminatory VOCs.  

Results: 835 breath grams were measured; 140 samples were assigned as active 

135 as inactive disease and 110 samples of healthy controls. A set of 10 

discriminatory VOCs correctly predicted active CD in 81.5% and remission in 86.4% 

(sensitivity 0.81, specificity 0.80, AUC 0.80). These VOCs were combined into a 

single disease activity score which classified disease activity in more than 60% of 

the previously undetermined individuals.  

Conclusions: We showed that VOCs can separate healthy controls and patients 

with active CD and CD in remission in a real-life cohort. Analysis of exhaled air is an 

interesting new non-invasive application for monitoring mucosal inflammation in 

inflammatory bowel disease. 
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Introduction 

Crohn's disease (CD) is a chronic relapsing inflammatory disease of the 

gastrointestinal tract and with ulcerative colitis (UC) referred to as inflammatory 

bowel disease (IBD) [1]. Chronic mucosal inflammation in CD will eventually lead to 

irreversible bowel damage with complications like strictures or fistula. Adequate 

monitoring of (sub)clinical mucosal inflammation is therefore of major importance in 

optimizing therapeutic strategies and preventing complications. Ileocolonoscopy 

remains the gold standard for assessment of macroscopic mucosal inflammation but 

is an expensive and invasive procedure. Disease activity indices (e.g., Crohn’s 

Disease Activity Index (CDAI)) have been developed for systematic evaluation of the 

outcome in clinical trials [2]. However, the indices are cumbersome in clinical practice 

and potentially overlap with symptoms of irritable bowel syndrome or non-

inflammatory strictures. Furthermore, recent studies show that CDAI is not a reliable 

predictor of endoscopic disease activity [3, 4]. 

Several non-invasive biomarkers are used in clinical practice, measuring an 

increased concentration of proteins in serum and stool [5]. C-reactive protein (CRP) 

and Erythrocyte sedimentation rate (ESR) reflect systemic inflammation and are not 

specific for CD. Furthermore, CRP and ESR response are not found in all IBD 

patients with active inflammation [6-9] 

Fecal calprotectin (FC) shows good diagnostic precision in distinguishing IBD from 

healthy controls [10]. FC seems a reliable predictor of relapse in IBD and correlates 

significantly with endoscopic disease activity [11-14]. Although FC is a sensitive 

marker for colonic inflammation, it is not a specific marker for IBD because elevated 

levels are also found in patients with infections, neoplasia or after use of non-

steroidal anti-inflammatory drugs [13]. FC is probably less sensitive for inflammation 

of the proximal colon or small bowel [15-17]. Besides, fecal consistency can 

influence FC values significantly in consecutive fecal samples. Storage temperature 

is also essential as FC values can drop at room temperature but remain stable for 

weeks when stored at -20°C [18]. Moreover, FC values in the “grey zone” between 

100 and 250 µg/g, probably reflecting low inflammatory activity in the gut, are hard 
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to classify.  

Recently there is an increasing interest in the analysis of exhaled air due to great 

potential in clinical diagnostics, the potential to develop at home testing and the non-

invasive nature. Besides detection of various inflammatory diseases of the lung and 

liver [19-21], some small studies indicate that exhaled air can also be used for 

gastrointestinal disorders. In 1994, Sedghi et al., studied 17 UC patients and showed 

that tissue damage in UC could be detected by reactive oxygen species (ROS)-

induced lipid peroxidation products like ethane [22]. Furthermore, Pelli et al., 

measured breath alkanes by gas chromatography in 10 active UC and 10 active CD 

patients and found significant differences in ethane, propane, and pentane between 

IBD patients and controls, but not for butane and isoprene [23]. These studies proved 

that excessive lipid peroxidation is an important pathophysiologic factor in IBD and 

can non-invasively be assessed. These initial studies only focused on a limited 

number of compounds from a specific pathophysiologic pathway. However, many 

metabolic processes together with a changed microbiome play a role in IBD and may 

result in alterations of exhaled VOCs [24, 25]. Therefore, assumption-less evaluation 

of all the excreted VOCs in exhaled air, would probably lead to a better selection of 

biomarkers that are able to reflect the complex metabolic processes in the bowel 

wall during active inflammation in IBD [26, 27]. Over the past years we have 

developed and applied an efficient technology platform by using exhaled air as a 

matrix to measure large numbers of VOCs and to select those relevant for disease 

[28].    

We hypothesize that VOC profiles clearly differ between healthy controls, people 

with active CD and inactive CD and therefore the aim of our present study is to 

investigate whether our non-invasive VOC monitoring tool can accurately 

differentiate between CD patients in remission or with active disease in a real-life 

cohort.   
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Materials and Methods 

Patient inclusion 

Between October 2009 and December 2010, consecutive CD patients visiting the 

outpatient clinic of the Maastricht University Medical Center (MUMC) were included 

in a 1-year prospective follow-up study. The study was approved by the Medical 

Ethics Committee of the MUMC. Written informed consent was obtained from all 

patients. All patients had an established diagnosis of CD based on clinical, 

endoscopic, histological and/or radiological criteria. Demographic and clinical data 

(including phenotype according to Montreal classification, history of bowel resection) 

were obtained using the computer-based registration database.  

Patients were assessed at study entry, at regular (3 monthly) visits or when a flare 

occurred. At each visit clinical activity scores, blood and fecal samples, and breath 

samples were collected. An endoscopy or radiological evaluation was performed 

whenever necessary for routine care. CRP, ESR and FC were analyzed routinely by 

the laboratory of Clinical Chemistry.  

The group of healthy controls was recruited at the MUMC between 2009 and 2012 

as part of the Maastricht cohort (NCT00775060) and partially at the department of 

gastroenterology. For each individual brief medical history was taken to eliminate the 

possibility of gastrointestinal disorders.  

The Harvey Bradshaw index (HBI) was used for clinical assessment of disease 

activity (cut-off point for remission ≤4 points). However, to define active disease or 

remission as accurate as possible in the absence of endoscopic evaluation, we used 

the following definitions: FC >250 µg/g was considered as active disease, the 

combination of HBI <4 points and CRP <5 mg/l and FC <100 µg/g as remission. The 

patients with clearly defined disease activity based on fecal/serum markers and 

clinical activity index were used in the primary statistical analysis to build the 

classification model. The patients who could not be clearly diagnosed as having 

active disease or remission were included in the secondary endpoint statistical 

analysis.  
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We have chosen not to perform routine endoscopic evaluation as this is not feasible 

in a real-life cohort. However, both FC>250 µg/g and elevated CRP have shown 

correlation with endoscopic inflammation in CD and by combining several markers 

endoscopic disease activity is probably most closely reflected [4, 12, 29].  

Sampling and analysis of exhaled air 

For collection of exhaled air each subject was asked to inflate 5L bags (Tedlar Bag, 

SKC Ltd, Dorset, UK). One hour before sampling, eating, smoking and exercise were 

not allowed. To avoid the possible effect of diurnal variation of VOCs in breath the 

individuals were sampled randomly over the entire day. All patient samples were 

collected in the same room in order to prevent the appearance of a background bias. 

The bag contents were transferred to carbon-filled stainless steel sorption tubes 

(Markes International, Llantrisant Business Park, UK) where the VOCs were trapped 

within 2 hours after collection. Until analysis the air-tight capped tubes were stored 

at room temperature. The exhaled air samples were measured by thermal 

desorption-gas chromatography combined with time-of-flight mass spectrometry 

(GC-tof-MS) as previously described [28]. The experimental settings for GC and tof-

MS can be found elsewhere.[30] The compounds after separation by GC were 

identified by tof-MS (Thermo Electron Tempus Plus time-of-flight mass 

spectrometer, Thermo Electron Corporation, Waltham, USA). Detailed description of 

compounds identification via tof-MS is included in Supplementary Materials. 

Data handling 

Statistical analysis via Random Forest   

Data pre-processing of the raw data is implemented before the actual statistical 

analysis, as previously described [31]. Shortly, the data preprocessing starts with 

removing the beginning and end of each chromatogram (retention time in minutes 

either <1.3 or >23 min) because of noisy mass spectra and column bleeding. In the 

next step noise removal and baseline correction were applied via wavelets [32] and 

P-splines [33], respectively. Subsequently, the chromatographic drifting due to 

column ageing, temperature differences and different sample compositions was 
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corrected by adjusting retention times of all samples by Correlation Optimized 

Warping [34]. For each chromatogram peak picking was performed by finding all 

local maxima and corresponding minima. Finally, peaks found in chromatograms for 

each sample were merged by combining the corresponding compounds based on 

retention time and similarities in mass spectra. To make the chromatograms 

comparable, the final step of preprocessing involved probabilistic quotient 

normalization (PQN) [35]. In PQN the values of each observation are divided by the 

constant that accounts for the size effect due to variations sample volume and/or 

sample concentration. The final outcome is a data matrix containing relative 

abundances of measured VOCs.   

Figure 1 shows the flowchart for statistical analysis. The first step consisted of 

selecting from all available data those breath-o-grams that were defined as active 

and inactive CD patients according to the definition explained in the methods section. 

In addition, healthy controls were included. In step 2 the multivariate statistical 

method Random Forest (RF) [36] was used to find discriminatory VOCs profile. The 

data matrix containing the relative VOCs abundances was used in RF analysis. For 

that purpose, 3 different discriminatory RF models were built (each based on 1000 

trees), using training data (containing 80% of samples of each group) selected using 

Duplex method [37]. First RF algorithm was applied on VOCs from healthy controls 

and CD patients in remission to find compounds linked to remission. The second 

classification model was constructed on breath-o-grams from healthy controls and 

active CD patients for selection of VOCs related to active CD. The third model was 

applied on VOCs from patients in active or inactive CD. The performance of each 

RF model is shown using the receiver operating characteristic curve (ROC). The 

input to ROC analysis consisted of scores obtained from RF analysis. These scores 

are group (e.g., remission or active) probabilities. The scores for each sample add 

up by definition to 1 (e.g., 0.8 for remission and 0.2 for active). The scores can be 

considered as a range of cut-off for which individual sensitivities and specificities are 

calculated and represented in the ROC curve. The optimal cut-off is used (here 0.5) 

to obtain the sensitivity and specificity of the classification RF model. The sensitivity 

was calculated as the ratio between true positive and sum of true positive and false 
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negative. Specificity was calculated as ratio between true negative and sum of true 

negative and false positive. In step 3 the compounds selected as significant in step 

2 are joined and the final RF model is constructed using breath-o-grams from healthy 

controls, active and remission CD (step 4). To demonstrate differences between 

groups Principal Component Analysis (PCA) [38] is performed on proximity matrix 

obtained from the final RF model (step 5). Proximity matrix contains a similarity score 

between different breath-o-grams. The more similar two breath-o-grams are the 

higher the similarity score is. PCA allows visualizing the relation between all breath-

o-grams. In the resulting figure, score plot, each breath-o-gram is represented as a 

point and shows how all breath-o-grams are related to each other. Hence, the points 

close to each other have similar VOCs profile, while objects that lie far away are 

characterized by different properties. It is important to note that PCA belongs to the 

family of unsupervised techniques. However, here it is applied on proximity matrix 

obtained from RF, which is a supervised method. 

Figure 1: The conceptual flow chart of statistical analysis
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The outcomes of the study were validated twice. The first validation is a standard 

part of RF methodology, where the so called out-of-bag classification error is used 

to justify the accuracy of the statistical model. For the second validation we used an 

independent test set of patients (containing approximately 20% of samples of each 

group) that was not used in the optimization and training (i.e., selecting 

discriminatory VOCs profile) of the RF discriminatory models.[39] In case of the first 

RF model (healthy controls vs. remission) the validation set consisted of the 20 

breath-o-grams obtained from controls and 45 samples from the remission group. 

The training set contained 90 samples from healthy controls and CD remission. In 

the RF model of healthy controls versus active CD, the training set consisted of 90 

samples from each group. This model was tested with a validation set of 20 healthy 

controls and 50 samples of active CD. In the final RF model, the validation set 

consisted of 27 breath-o-grams of patients with active disease and 22 in remission. 

The remaining 113 measurements were used as training set.   

In the current study we aim for a robust marker that is able to discriminate active 

from inactive disease regardless of differences in disease location, medication, 

intoxication, smoking and diet. These effects were tested by PCA performed on 

proximity matrix as well as via Friedman statistical test. In case of medication the 

effect of four frequently used drugs in IBD were examined: budesonide/ prednisone, 

azathioprine, mesalazine, adalimumab and infliximab.  In our cohort no information 

was available on food intake. The effect of diet was, thus, checked using another 

cohort of 1307 individuals (LifeLines Deep Cohort [40]), where food questionnaires 

were available. 

In our pilot study, 80% of the active CD patients were correctly classified. Thus, using 

a power of 0.80 and an expected effect size of 0.5, a group size of 150 is required 

to observe differences between the groups with a 95% confidence level.  

Defining disease activity score via VOCs  

Using RF analysis, the most discriminatory compounds were selected. The 

information enclosed in the discriminatory compounds was combined into a single 

value. RF analysis allows assigning for each selected compound an importance 
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indicating the contribution of the compound in the discrimination of the studied 

groups. Using these importance values, each grown tree in RF analysis delivers the 

response (i.e., active as 1 or remission as 0 group) for each sample and a single 

score (here called disease activity score) for each available sample. This score 

summarizes all relevant information regarding disease activity and represents the 

probability of active disease or disease in remission. To obtain the response, the 

data go through each decision tree in RF analysis, starting from the beginning (so 

called root node) down to a leaf node, at each step an if/then rule is applied (e.g., if 

VOC1>10 go to left branch if not to right branch). The leaf node contains the obtained 

response and score.  The final score is the average value among 1000 trees. This 

implies that if over 1000 trees an individual obtained 890 times response active (i.e., 

1) and only 110 times a response remission (i.e., 0) the final activity score is 0.89. 

Results 

Patients and healthy controls 

In total, 191 CD patients were included in the prospective follow-up study. Patient 

characteristics are listed in Table 1. During the 1-year follow-up period each CD 

patient collected 3-9 breath samples, in total 725 samples. At time of inclusion 26% 

of patients had active disease according to our definition of FC >250 µg/g. Median 

(IQR) values for HBI, CRP and FC were 3 (1-5), 4.8 (1.6-17.3) and 99.0 (22.0-272.0), 

respectively.  

One hundred and ten gender and age matched healthy controls were included in the 

study. This cohort consisted of 62 females (54%) and 48 males (46%) with a mean 

age of 44.9 ±16.8 years. Fourteen percent of the healthy controls were current 

smokers, 24% smoked in the past. In addition, 28% of CD patients were current 

smokers and 35% were ex-smokers. A brief medical history was taken in all healthy 

controls but revealed no underlying gastrointestinal disorders. FC was not 

determined in this population.   

 



VOCS IN BREATH AS NOVEL MARKER FOR DISEASE ACTIVITY IN CD

131 
 

 N=191 

Female  121 (63%) 

Age (in years; mean±SD) 43.6 ±14.8 

Smoking (%)  

   current 28 

   past 35 

   never 37 

Fecal calprotectin1  

   active disease 502 (336-891) 

   remission 15 (14-43) 

Montreal classification (%)  

Age at diagnosis  

A1 <16y 7 

A2 17-40y 64 

A3 ≥41y 29 

Disease location  

L1 ileal 27 

L2 colonic 22 

L3 ileocolonic 46 

L4 proximal 5 

Disease phenotype  

B1 non-structuring/nonpenetrating 70 

B2 structuring 20 

B3 penetrating 132 

Surgery  113 (59%) 

   ileocecal resection 58 (30%) 

   (partial) colectomy 29 (15%) 

 

Table 1: Patient characteristics and disease phenotype according to the Montreal classification. 1 Fecal 
calprotectin in µg/g, values are represented as medians (Interquartile range) 2 3% of patients with 
penetrating disease also had structuring disease 
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Statistical analysis  

Data 

In total 835 GC-tof-MS breath-o-grams were measured (725 CD patients and 110 

healthy controls) of which 9 from CD patients were removed due to poor quality of 

the recorded chromatograms. The final 826 breath-o-grams contained 3813 VOCs. 

From these 3813 VOCs, most had almost only zero values. Therefore, a compound 

is only kept for analysis if it can be detected in at least 20% of samples in one of the 

experimental groups [41]. The final data matrix contained 487 VOCs. The dataset 

used for statistical analysis contained 110 breath-o-grams of healthy controls, 135 

of CD patients in remission and 140 of active CD patients. Disease activity could not 

be determined according to our predefined criteria based on HBI, CRP and FC in the 

remaining 441 samples. 

Random Forests analysis  

The first RF model was implemented on breath-o-grams of healthy controls and CD 

remission from training set. ROC analysis done on out-of-bag cases showed a 

sensitivity of 0.96, a specificity of 0.99 and an area under the curve (AUC) of 0.99 

for the diagnosis of CD in remission. The corresponding ROC curve for out-of-bag 

cases is shown in Figure 2A. The validation of this RF model with an independent 

test set gave an overall correct prediction of healthy controls or CD remission of 

92.3%. This model was based on a VOCs profile of 6 discriminatory compounds. A 

heat map with identification of the compounds is shown in Figure 3A. The relative 

concentrations of isoprene, acetone, and the unidentified compound (VOC1 

retention time (RT) = 12.2 minutes (min) were found to be lower in the CD remission 

group compared to healthy controls, while heptadecane, undecanal and one 

unidentified compound (VOC2 RT = 10.7min) were higher.  
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Figure 2: ROC curves for out-of-bag cases: (A) RF model for healthy controls and CD remission using 6 
VOCs. AUC is 0.99; (B) RF model for healthy controls and active CD using 7 VOCs. AUC is 0.98; (C) RF 
model for CD remission and active CD using 10 VOCs. AUC is 0.88.

The ROC curve of the second RF analysis (healthy controls vs active CD) is shown 

in Figure 2B with a sensitivity of 0.96, specificity of 0.97 and AUC of 0.98 for the 

diagnosis of active CD. The overall correct prediction for the independent test set 

was 97.3%. This model yielded VOCs profile of 7 discriminatory compounds (Figure 

3B). The relative concentrations of unidentified compound VOC1 (RT = 12.2min), 

isoprene and acetone were decreased in the active CD group, while those of 2,2,4-

trimethylpentane, branched saturated C12 compound (RT = 16.6min), 1-butoxy-2-

propanol and heptadecane, are elevated. 
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Figure 3: Heat maps of discriminatory VOCs: (A) RF analysis of healthy controls and CD remission. The 
relative concentrations of unknown compound (VOC1 RT=12.2min), isoprene and acetone are lower in 
CD remission group compared to healthy controls, levels of heptadecane, undecanal and unknown 
compound (VOC2 RT=10.7min) are higher; (B) RF analysis of healthy controls and active CD. Relative 
concentrations of unknown compound (VOC1 RT=12.2min) isoprene and acetone are lower in active CD 
group in comparison to healthy controls, relative concentrations of 2,2,4-trimethylpentane, heptadecane, 
branched saturated C12 compound and 1-butoxy-2-propanol are higher; (C) RF analysis of CD remission 
and active CD. Only the relative concentration of decanal is lower in the active CD group compared to CD 
in remission. The concentrations of remaining 9 VOCs (acetic acid, 1-hydroxy-2-propanone, 2,4,4-
trimethylhexane, 2,2,4,4-tetramethyloctane, hexadecanal and 4 unknown compounds VOC1 
RT=12.2min, VOC2 RT=10.7min, VOC3 RT= 20.6min and VOC4 RT = 23.8min) are higher in active CD.

The last statistical RF model was built with breath-o-grams from patients with active 

and inactive CD. ROC analysis performed on out-of-bag cases revealed a sensitivity 

of 0.81, specificity of 0.80 and AUC of 0.88 (Figure 2C). The validation of this RF 

model with an independent test set gave correct prediction of 81.5% of having active 

disease and 86.4% for remission. This model selected a profile of 10 discriminatory 

VOCs, represented in Figure 3C.  From this discriminatory profile only the relative 
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level of decanal was reduced in active CD compared to CD remission. The relative 

concentrations of the remaining 9 VOCs (including unknown VOC1 = 12.2min, VOC2 

RT =10.7min, VOC3 RT= 20.6min and VOC4 RT = 23.8min) were elevated in active 

CD. Boxplots of discriminatory VOCs profile over time in 4 patients are shown in the 

Supplementary Materials (Figure S1). The variation of VOCs profile was comparable 

within each individual. However, more variations in VOCs profile were observed in 

an individual when disease activity changed over time. To further demonstrate the 

power of the set of 10 discriminatory VOCs to differentiate between active and 

inactive CD, a single disease activity score was obtained for validation set. The 

values of the single disease activity score were found to be significantly different 

between active CD and CD in remission (Friedman test p<0.001)  

PCA analysis demonstrated no groupings due to disease location, medication, 

smoking and intoxications. Moreover, Friedman test showed no significant changes 

in selected VOCs with respect to disease location, medication, smoking and 

intoxication.  Based on the LifeLines Deep Cohort we could not find any relation 

between our discriminatory VOCs and diet. 

The pairwise correlation between 10 discriminatory VOCs and FC level did not reveal 

any statistically significant relation. The moderate linear relation of 0.35 and p-value 

equal to 0.028 between the set of 10 VOCs and FC was found via Canonical 

Correlation Analysis.[42]   

The last steps of statistical analysis (Figure 1, step 3-4) were to combine and 

implement the discriminatory profile of 17 VOCs in a final RF model. PCA performed 

on a proximity matrix from this RF model resulted in the score plot shown in Figure 

4. Healthy controls, active CD and CD in remission patients were adequately 

separated with best separation between healthy controls and active CD. The 

fractional overlap between the groups of active CD and remission indicates small 

similarities in VOC profiles. Nevertheless, this set of 17 VOCs allows discrimination 

of these 3 groups with high accuracy of 86.7%. Note that the healthy controls display 

less variation than individuals with active CD or remission, visualized in Figure 5, 

where points corresponding to healthy controls (black stars) are very compact, while 
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points related to CD remission (red squares) and active CD (blue circles) disease 

are spread more. 

Figure 4:  PCA score plot of proximity matrix from final RF model on breathograms from healthy controls, 
active CD and CD in remission using 17 discriminatory VOCs. Each individual is represented as a point 
(stars for healthy controls, squares for CD in remission and circles for active CD).  The three groups create 
distinct clusters indicating differences in VOCs profile. 

VOCs as disease activity marker 

As mentioned previously 716 high quality breath-o-grams were obtained from CD 

patients. For the statistical analysis only breath-o-grams corresponding to patients 

with clearly defined disease activity were used (135 inactive and 140 active 

samples). For the remaining samples of 164 patients, a disease activity score 

between 0 and 1 was calculated for each breath sample using the 10 discriminatory 

VOCs. Values close to 0 indicate remission while values close to 1 correspond with 

active disease. A score of approximately 0.5 indicates that disease activity cannot 

be defined. Using 3 clinical parameters namely FC, CRP and HBI more than 60% of 

patients remained with undefined disease activity, i.e., did not fulfill our strict criteria 

for active disease (FC >250 µg/g) or remission (HBI <4 points and CRP <5 mg/l and 
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FC <100 µg/g). Using VOCs profile with a cut-off value of 0.7 for active and 0.3 for 

inactive disease only for 22% of samples disease activity could not be classified.   

Discussion 

We conducted a large prospective trial to use VOCs in exhaled air as a novel 

biomarker for disease activity in CD. The study showed that VOCs breath profiles 

are significantly different between healthy controls and patients with active CD or CD 

in remission. A profile of 10 VOCs differentiated active from inactive CD with a high 

sensitivity and specificity and an overall accuracy of 82-86% in an independent test 

set.  

Lechner et al., [43] demonstrated the feasibility of exhaled air as novel diagnostic 

tool in the differential diagnosis of gastro-intestinal diseases but used a limited 

number of IBD patients (n=10) and no identification of the significant compounds 

was performed.  In a recent study on VOC analysis in children with IBD, patients and 

healthy controls could be classified with high accuracy by 3 discriminatory VOCs, 

but interestingly no correlation was found with degree of inflammation [44]. Since 

repeated evaluation of mucosal inflammation in CD is crucial for clinical decision 

making, a marker for assessment of disease activity in patient follow-up is needed. 

Therefore, the current study focuses specifically on disease activity in CD using a 

large cohort of 191 CD patients. To our knowledge this is the first large prospective 

study evaluating the role of VOCs profiles in exhaled air in relation to disease activity 

of CD patients. We used a metabolomic approach to separate patients with active 

and inactive CD and developed a VOC disease activity marker based on the 10 

discriminatory VOCs. This VOC activity marker was significantly higher in active CD 

patients and was able to classify patients in the “grey zone” of disease activity 

according to the definition of disease activity based on HBI, CRP and FC. However, 

it should be mentioned that the VOC activity marker was not validated in an 

independent cohort of patients with endoscopic disease activity as gold standard. 

This study proves that VOCs profiling in exhaled air is a promising new way of 

monitoring disease activity in CD. 
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VOC analysis of exhaled air is increasingly recognized as diagnostic tool for 

detection of diseases [45]. Several studies have been performed on detection of 

inflammatory disease of the lung and liver using VOCs in breath [20, 21, 46], and 

very recently also studies on detection of gastrointestinal cancer have been 

published. In a study on colorectal cancer a set of 15 VOCs was able to detect 

colorectal cancer in 62 patients versus 41 controls with an overall accuracy of 76%. 

Levels of some specific VOCs were higher in colorectal cancer patients as other 

VOCs showed more variable profiles suggesting that it is the pattern rather than a 

single VOC to be representative for the metabolic changes in colorectal cancer [24, 

47]. In our study 9 VOCs showed higher concentrations in the active CD group 

compared to only 1 VOC with higher concentration in the remission group. In 

addition, acetone and isoprene were 2 of the discriminating compounds in our study 

on healthy controls versus active CD or CD in remission. In the study by Altomare et 

al., on colorectal cancer both compounds played no role in discrimination of patients 

and controls. Most discriminatory compounds in their study were mainly end 

products of lipid peroxidation like alkanes, alkenes and aldehydes [24]. Acetone and 

isoprene are one of the most abundant VOCs in human breath and the 

pathophysiological process of their formation is discussed below. A recent paper 

showed that it is also possible to detect colorectal cancer and advanced adenomas 

by an electronic nose recognizing VOC profiles in fecal gas. Sensitivity and 

specificity for discriminating healthy controls from colorectal cancer patients were 85 

and 87% respectively [25]. However, analysis of fecal gas or exhaled air by an 

electronic nose does not allow chemical identification of individual components.  

Several discriminatory VOCs we found in this study (e.g., enhanced alkanes and 

methylated alkanes, aldehydes) are probably derived from lipid peroxidation of 

polyunsaturated fatty acids found in cellular membranes. Several studies show that 

oxygen mediated injury trough increased free radical production and impaired 

antioxidant defense systems play an important role in the pathophysiology of IBD 

[48, 49]. Hydrocarbons as the end products of lipid peroxidation show low solubility 

in blood and are quickly excreted into breath after formation and can be used to 

monitor the degree of oxidative damage [26]. Another discriminatory VOCs acetone 
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is formed by the process of lipolysis and produced by hepatocytes via 

decarboxylation of excess acetyl-CoA generated from fatty acid β-oxidation [50]. 

One of the most common VOCs in exhaled air is isoprene which is formed along the 

mevalonic pathway of cholesterol synthesis and has been identified as marker of 

disorders in the cholesterol metabolism like familial hypercholesterolemia but also in 

patients with peptic ulcer disease or gastric cancer [47]. Interestingly, in our study 

isoprene level was decreased in patients with active and quiescent CD in 

comparison to healthy controls. This may be due to some impairment of membrane 

repair mechanisms in epithelial cells. The same mechanism was already reported in 

inflammatory lung diseases and in patients with chronic heart failure [51, 52]. 

Another explanation may be connected to lipid metabolic changes. It has been 

shown that a decrease of isoprene level in exhaled air may be related to activation 

of the immune system [53].  

Since the microbiome is different in IBD patients compared to healthy persons, the 

change in VOC profiles could also be the result of alterations in the gut microbiome. 

The composition of VOCs in feces was found to be largely shared by healthy 

persons, but significantly different in patients with UC, Clostridium difficile or 

Campylobacter jejuni infection [54]. Moreover, a recent study of Ahmed et al. [55] 

showed clear differences of VOCs in feces of active IBD patients and patients with 

Irritable Bowel Syndrome (IBS). The main compounds responsible for the difference 

were several esters of short fatty acids and aldehydes. Similarly, we found altered 

level of acetic acid methyl ester in active CD. It has been shown [55] that unbalanced 

organic acids are related to changes in Lactobacilli and Veillonella, which are 

responsible for production and transformation of organic acids. Another group of 

compounds changed in active CD is of the oxygen containing aldehydes, which are 

related to inflammation. One of the sources of aldehydes in the human body is the 

reduction of hydroperoxide by cytochrome p450 as a secondary product of lipid 

peroxidation [56]. Recently also detection and analysis of VOCs in urine have 

become of interest. Besides in breath and feces, VOCs can be detected in urine by 

several analytical methods like electronic nose technology and Field Asymmetric Ion 

Mobility Spectrometer (FAIMS). In a study of 48 IBD patients and 14 controls, with 
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both techniques patients and controls could be classified with accuracy of more than 

75% [57]. Also, colorectal cancer can be distinguished from healthy controls by 

analysis of headspace urinary samples with FAIMS. Reclassification of colorectal 

cancer samples was correct in 74% of cases in a recent study in 83 patients and 50 

healthy controls [58]. All these data on VOCs in breath, feces and urine support a 

pathophysiological rationale for the difference in VOCs profiles between active and 

inactive CD reported in our study.      

Finally, strengths and potential limitations of the methodology should be addressed. 

The strength of our statistical approach lies in reproduction in an independent test 

set. Such testing creates a higher level of validation and therefore gives stronger 

certainty to the findings. Moreover, the statistical methodology applied here is robust 

to outliers, i.e., patients different from the majority. This implies that the findings are 

representative for the majority of CD patients and thus are not negatively affected by 

a single patient. The statistical model built here can be fast and easily applied to new 

cohorts and makes our approach generalizable. A possible limitation might be the 

sample size. Although the number of patients in our study is relatively large, the 

findings should be studied and validated in a larger multi center cohort with 

endoscopy as gold standard for evaluation of disease activity. Furthermore, a large 

number of VOCs is included in the study and we cannot rule out the possibility of 

contamination with VOCs from the environment. In the current study no ambient air 

was collected which might be considered as limitation of this study. However, all 

breath samples were taken at the same location (outpatient clinic). Since samples of 

individuals were taken alternately, the variation in ambient air affected all groups in 

a similar manner. Besides, the robust statistical approach filters out all the non-

discriminatory VOCs. We were not able to identify some of the discriminating 

compounds and therefore they can’t be related to a certain pathophysiological 

process.  

A possible limitation is that we did not use endoscopic assessment of disease activity 

as this is not feasible for repeated follow-up in a real-life cohort. However, by using 

FC (and a combination of HBI and CRP) as increasingly accepted surrogate marker 

for endoscopic disease activity, this in our opinion should not have influenced the 
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positive results of our study [4, 12]. We did not use endoscopy as primary tool for 

evaluation of disease activity since we aimed to develop a monitoring tool that 

performs well in a real-life outpatient IBD population in daily clinical practice. In the 

current study only CD patients were assessed. Future studies should also focus on 

VOC analysis in UC patients, not only for monitoring of clinical disease activity, but 

also for differentiation between UC activity and the possibility of concomitant 

colorectal cancer, as symptoms between both conditions have significant overlap. 

The set of discriminatory VOCs was also investigated with respect to smoking 

because more CD patients were smokers or ex-smokers (68% versus 38% of healthy 

controls). However, we could not find any relation between the discriminatory VOCs 

and smoking behavior. 

We conclude that VOCs can be used to discriminate CD from healthy controls and 

between active CD and CD in remission in a real-life cohort. The discriminatory 

VOCs, combined into a single disease activity score, enabled classifying patients 

that could not be classified with a combination of fecal and serological markers. 

Although, the study requires further validation in a new multicenter cohort with 

endoscopic assessment of inflammation as gold standard, it demonstrates the 

feasibility of exhaled air in monitoring disease activity in CD. Such study is the 

significant step towards development of point-of-care devices for assessing disease 

activity. We think that analysis of exhaled air is an interesting, new, and non-invasive 

application for monitoring IBD patients with potential to develop a home test.  
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Supplementary material 

Chemical analysis and compounds identification  

To remove air and water vapor prior analysis sorption and tubes were purged with a 

steady Helium stream (20 ml/min) for 5 minutes. Then, the volatile compounds 

trapped on the sorption tubes were released under a flow of helium using automated 

thermal desorption. Next, the vaporous mixture was divided into two parts, 90% of 

the sample was recollected on an identical sample tube and 10% of the sample was 

transferred to an electrically cooled sorbent trap (5°C). The recollection tubes are 

used in case of an obvious instrumental problems occurred during the chemical 

analysis. In the current study it was necessary for two measurements. The sample 

was focused via cold trap filled with a 30 mm bed of Tenax TA backed up by a 30 

mm Carbograph 1TD bed. From cold-trap sample was injected into a GC (Thermo 

Fischer Scientific, Austin, USA, column: Restek RTX-5ms, 30mx0.25mm ID, coated 

with 1.0μm HP-5 phase). The temperature of the GC was programmed as follows: 

first 40°C for 5 minutes then rose by 10°C every minute until 270°C was reached. 

This temperature was maintained for 5 minutes. Within tof-MS part electron 

ionization at 70eV was used with 5Hz scanning rate over a range of m/z 35-350. The 

tof-MS allows for compounds detection and identification based on their total mass 

spectrum. Tof-MS measures the time necessary to travel in an electric field from the 

ionization source to a detector plate. Because all ions have the same kinetic energy 

(E = ½mv2), ions with different mass-to-charge ratio (m/z values) are separated in 

the flight tube based on their velocity.  Note, that due to practical limitations, i.e., 

absence of standard reference materials for VOCs analysis in exhaled air, 

compounds are quantified using relative quantification, i.e., determining the 

response ratio between a VOC and other VOCs.  The output of GC-tof-MS consists 

of two dimensions: retention time and m/z value. Thus, for each measured 

compound in breath sample, retention time and mass spectrum are available.  These 

two parameters are used in the chemical identifications of the VOCs. Spectrum 

recognition is done using the National Institute of Standards and Technology mass 

spectral library. A compound is identified by searching in a reference library 

compounds which have similar spectra to the measured spectrum. These 
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compounds are arranged in order of similarity to the measured spectrum and a so 

called “hit list” is obtained.  The final identification is performed by the manual 

evaluation of measured mass spectra and the reference spectra of the compounds 

with the highest similarity index from the “hit list”, retention time information and 

spectrum interpretation by an experienced Mass-spectrometrist.  

 

Figure S1. The boxplots of discriminatory VOCs profile over different visit for: A) a patient that over all 
visits stayed in remission; B) a patient that over all visits stayed in active stage of CD; C) a patient that 
over changed diseased stage from remission (visit 1) to active (visit 2 and 3); D) a patient that changed 
disease stage from remission (visit 1 and 2) to active (visit 3).  The variation of VOCs profile usually was 
more diverse for patients changing the disease state over time. 
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Abstract 
 
Exhaled breath has proven to be a valuable source of information about humans’ 

body. Subtle differences between volatile organic compounds (VOCs) formed 

endogenously can be detected and become a base for a potential monitoring tool for 

health and disease. Until now, there is a lack of biological and mechanistic 

knowledge of the processes involved in the production of relevant VOCs. Among the 

possible sources of health/disease related VOCs are microorganisms found in the 

respiratory tract and in the gut. Other VOCs in the body are produced by cells that 

are influenced by the disease, for instance due to metabolic disorders and/or 

inflammation. In order to gain insight in the in vivo production of VOCs by human 

cells and thus the exhaled breath composition, in vitro experiments involving relevant 

cells should be studied, as they may provide valuable information on the production 

of VOCs by the affected cells. To this aim we developed and validated a system for 

dynamically (continuously) collection of headspace air in vitro, using a Caco-2 cell 

line. The system allows the application of different cell lines, as well as different 

experimental setups including varying exposure times and treatment options while 

preserving cell viability. Significant correlation (p≤0.0001) between collection outputs 

within each studied group confirmed high reproducibility of the collection system. An 

example of such an application is presented here: we studied the influence of 

oxidative stress on the VOCs composition of the headspace air of Caco-2 cells.  

By comparing the VOCs composition of air flushed through empty culture flasks 

(n=35), flasks with culture medium (n=35), flasks with medium and cells (n=20), 

flasks with medium and an oxidative stressor (H2O2) (n=20), and flasks with medium, 

stressor and cells (n=20), we were able to separate the effects from the stressor on 

the cells from all other interactions. Measurements were done with gas 

chromatography-time of flight-mass spectrometry. Multivariate data analysis allowed 

detection of significant altered compounds is compared groups. 

We found a significant change (p≤0.001) of the composition of VOCs due to the 

stressing of the Caco-2 cells by H2O2. A total of 10 VOC’s showed either increased 
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or decreased abundance in the headspace of the cell cultures due to the presence 

of the H2O2 stressor. 

Introduction 

Exhaled breath has proven to be a valuable source of information about humans’ 

body condition. Volatile organic compounds (VOCs) are produced by endogenous 

biochemical reactions connected to normal and disease-altered host metabolism 

and to different compositions of oral, lung and gut microbiota. Due to their low 

solubility in blood volatiles are transported from the place of origin, through the blood 

stream, to the lungs and excreted in breath, from which they can be captured and 

analysed. The composition of exhaled breath is further influenced by the inhaled 

breath composition, diet and by genotype and phenotype of the subjects. VOCs’ 

profiles connected to disease or symptoms can be separated from irrelevant 

variations and confounders by either a strict and controlled sampling or by using 

proper and advanced statistical tools [1, 2]. Specific VOC profiles have already been 

correlated with the presence of chronic inflammatory pulmonary [3], intestinal [4, 5] 

and liver diseases [6-8], as well as with certain types of cancer [9-11]. So far, the 

chemical identification of many of the discriminating VOCs in such clinical studies 

has not led to a sufficient depth of their origin and clinical relevance understanding. 

In order to gain insight in the VOCs dynamics in vivo we developed an in vitro 

experimental culturing and sampling system to study the changes in VOC profiles 

due to changed VOC production by human cells. This system allows the 

investigation of the influence of certain exposures, treatments, and co-incubations 

on cell metabolism by monitoring the change in VOCs generation on a cellular level 

in a chosen in vivo situation. 

The system was validated and the repeatability between subsequent collections was 

established. The potency of the system was demonstrated by an experiment in which 

we exposed Caco-2 cells to H2O2, a well-known oxidative stressor. The change in 

VOC profile due to the H2O2 was determined; the identity of 8 out of 10 significantly 

influenced VOCs could be established. 
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Our choice of the Caco-2 cell line, a model of the intestinal barrier, is explained by 

our particular interest in breath analysis in relation to gastrointestinal health and 

disease. Several studies showed that increased oxidative stress and impaired 

antioxidant function play a role in a pathophysiology of IBD [12,13]. Recent work of 

our group has proven the value of the breath analysis in tracking disease activity in 

Crohn’s disease [5].

Materials and Methods

Sample collection system

A schematic picture of our sampling equipment is shown in Scheme 1. 

Scheme 1. System for collection of headspace air.

The system consists of a hot plate set at 37°C. Four standard T- 75cm3 cell culture 

flasks (Corning ® Flask, Corning Incorporate, NY, USA) are placed on top of this hot 

plate and can be simultaneously used for the collection of headspace samples. The 

culture flasks are covered with an isolating hood to maintain an evenly distributed, 

constant temperature of 37 °C. Each flask cap has been replaced by a rubber cork 

with an inlet tube delivering a mixture of 95% O2/ 5% CO2 (carbogen) at a constant 

flow of 25ml/min and an outlet tube connected to a stainless steel two-bed sorption 
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tube, filled with carbograph 1TD/Carbopack X (Markes International, Llantrisant, 

Wales, UK) used for collection and storage of the excreted VOCs. After 1 hour of 

sampling, the tube is removed, end-capped and stored at room temperature until 

analysis. 

Samples  

To test and validate the system, the headspace air was collected for 1h from 35 

empty flasks (EF), 35 flasks containing only medium (MF) and 20 Flasks containing 

Caco-2 cells in medium (CF).  

To show one of the possible applications of the system, headspace air was 

additionally collected from 20 flasks with H2O2 exposed Caco-2 cells in medium 

(ECF) and 20 Flask with H2O2 exposed medium control (EMF). This experimental 

set up allows the separation of the effect of H2O2 on Caco-2 cells from all other 

interactions.  

Cell culture  

Caco-2 cells ATCC (CRL-1593.2, Manasses, VA, USA) were cultured in 75cm3 cell 

culture flasks (Corning ® Flask, Corning Incorporate, NY, USA) with canted neck 

under standard conditions. We used Dulbecco’s Modified Eagle Medium (DMEM) + 

4.5 g glucose + L-glutamine + Sodium pyruvate) (no. 41966 Gibco, Invitrogen) with 

addition of 10% heat inactivated fetal calf serum (Gibco, Invitrogen), 1% of non-

essential amino acids 100X (Sigma) and 1% of penicillin-streptomycin 100X 

(Penicillin 5000 units/ml Streptomycin 5000 µg/ml) (Gibco, Invitrogen).  

H2O2 exposure 

Cells were grown to 80-90% confluence in the culture flasks under standard culturing 

conditions using normal growth medium. Afterwards the standard growth medium 

was replaced by freshly prepared medium containing 100 µM H2O2 to induce 

oxidative stress [14].  
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Cell viability 

To assure that the release or consumption of VOCs collected by the equipment is 

due to living cells and their natural metabolism, it is necessary to establish that the 

system does not cause substantial cell death. To this end, flasks with cells upon 80-

90% confluence were transferred to the collection equipment located under the 

hood. Flasks caps were replaced with rubber cork and 1h collection took place. 

Afterwards, cell viability was checked with the use of trypan blue staining in the cell 

counter (Countless TM Automated Cell Counter, Invitrogen). 

GC-MS analysis 

VOCs from the headspace air were trapped on the sorption tubes and measured by 

thermal desorption-gas chromatography combined with time-of-flight mass 

spectrometry (TD-GC-tof-MS) as previously described for exhaled breath 

measurements [15]. In short, volatiles were first released from the carbon packing of 

the tube using thermal desorption under a flow of helium. Then, the gaseous mixture 

was split, 90% of the sample was recollected onto an identical empty sorption tube 

whereas 10% was transferred to an electrically cooled sorbent trap (5°C) from where 

it was injected into a GC (Thermo Fischer Scientific, Austin, USA. [Requirements 

and settings: column: Restek RTX-5ms, 30mx0.25mm ID, 1.0μm HP-5 phase; carrier 

gas: helium, flow rate: 1.5mL/min; GC temp.: 40˚C/5min., 10˚C/min increase - until 

270˚C, 270˚C/5min]). The components separated by GC were analyzed by time-of-

flight mass spectrometry (Tempus Plus, Thermo Fischer Scientific). Settings: 

Ionization energy 70eV, mass range 35-350 AMU, scanning rate: 5scans/s.  

Data pre-processing 

Before actual data analysis, all raw chromatograms require steps dealing with 

variations in baseline and peak shift issues connected with column aging, complex 

matrix composition and temperature differences, as described previously [2]. In 

short: after removal of the first 1.3 min and the part exceeding 23 min of retention 

time (tr) for each chromatogram, noise removal took place by implying wavelets [16]. 

Chromatographic baseline correction was done via B-splines [17], whereas 
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chromatographic drift was adjusted by tr of all samples by Correlation Optimized 

Warping [18]. Subsequently, chromatograms were merged by combining the 

corresponding compounds based on retention time and similarities in mass spectra. 

In the final step, probabilistic quotient normalization [19] was applied. This all allowed 

for the construction of one large data set with all samples and compounds present 

in these measurements.  

Data analysis 

Principle component analysis (PCA) was used to gain an overview of sample 

characteristics, trends in the data and presence of possible outliers.  Partial Least 

Square Discriminant Analysis (PLS-DA) was performed to find VOCs that had 

significantly different abundances between studied groups. PLS-DA resembles PCA 

and is a latent variable method [20]. While in PCA the first principal component (PC) 

is constructed in the direction of the highest variance in the data, the latent variable 

(LV) of PLS will be built in the direction that explains the highest “between class” 

variation. Significant Multivariate Correlation (sMC) was used to statistically assess 

the importance of variables chosen by the PLS model, a method previously 

described by Tran at al. 2014[21] and thought to improve the evaluation of PLS 

originated important variables. Visualisation of the chosen subset of VOCs and its 

discriminative power is obtained by PCA analysis and results in a PCA score plot 

and/or PCA biplot. The PCA score plot shows a summary of all data points 

(chromatograms) and the relation between them. The closer points are to one 

another, the more similar profile they have.  

Visualisation can be done with the use of biplot that combined information showed 

by traditional PCA score plot and relevant compounds’ abundances. In a biplot, 

besides relations between groups also the relations between the measured VOCs 

are visualized.  Here, the angle between compounds, plotted as lines, shows the 

correlation between them. The positive correlation is high when the angle between 

lines is small. An angle close to 90° means there is no correlation between 

compounds, whereas angles close to 180° show a strong negative correlation. 

Additionally, biplots allow the interpretation of the change of the relative 
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concentration of compounds between groups. If the sign of PCs for sample and 

compound is the same (both positive or both negative) the concentration of those 

particular compounds are increased in these samples.  Opposite signs point to a 

decrease of the compound.

Study design

Scheme 2. Study design. Three comparisons of VOCs detected from headspace air of MF vs. CF 
(analysis no.1); MF vs. EMF (analysis no.2); EMF vs. ECF (analysis no.3).

Comparisons of VOCs released/consumed were performed for all samples 

combinations.  As explained in Scheme 2, each comparison results in different 

output. VOCs significantly different between CF and MF that come up from analysis 

no. 1 represent compounds that are released/consumed by Caco-2 cell line in 

normal condition. Analysis no.2 points to VOCs which are purely related to medium 

oxidation and not to presence of the cells whereas analysis no.3, looking at VOCs 

significantly different between ECF and EMF, point toward compounds 

released/consumed by stressed cells. Although it is analysis no.3 that directly relates 

to the question about how oxidative stress influences VOCs released/consumed, all 
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other comparisons need to be performed to exclude taking into account VOCs 

connected to normal cell metabolism and to products of medium oxidation. 

Compound identification 

Volatile compounds of interest were tentatively identified with the use of a NIST 

library spectrum recognition program, by further interpretation by an experienced 

mass spectrometry specialist and with the use of the retention time of the 

compounds.  

Results 

Cell culture condition versus cell viability 

The mean viability of cells calculated from 20 CF after 1h collection time was 93.1% 

± 4.3, indicating no significant cell death has occurred during sampling.  

Similarly, viability was checked after headspace collection from flasks containing 

Caco-2 cells exposed to 100µM H2O2. The mean cell viability was 94.9% ± 4.8, thus 

was not affected by the hydrogen peroxide exposure. 

System reproducibility and variation between samples 

Headspace air from 35 empty flasks, 35 flasks with medium and 20 flasks with 

medium and cells was used to assess and determine the reproducibility of the 

collection system. Boxplots of the Pearson correlation (range 0-1) for samples 

collected from each group are visible in Figure 1. Each correlation was established 

by comparing the entire VOCs profile between samples in the respective groups. 

Standard deviations for the boxplots (I-III) were respectively: 0.039, 0.045, and 

0.057. 
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Figure 1. Correlation [range 0-1] between headspaces from I) 35 empty flasks (EF): Mean=0.79, II) 35 
flasks with medium (MF): Mean=0.85, III) 20 flasks with medium and Caco-2 cells (CF): Mean=0.76. All 
correlations were statistically significant, p value ≤ 0.0001.

Analysis

The data matrix consisted of 130 samples (35 EF, 35 MF, 20 CF, 20 EMF, 20 ECF) 

and 3489 VOCs. Not all the compounds were present in all the measured samples, 

thus the original data consisted of many zero-values. This type of data contains a 

large amount of redundant information, which needs to be handled. Therefore, we 

applied the so-called 20% rule [22]: only components present in at least 20% of one 

of the groups were retained in the matrix. After applying the rule, we ended up with 

686 VOCs in the data matrix.

As indicated in the analysis design (Scheme 2) three major comparisons were 

performed:

• analysis no.1: MF vs CF (normal cell metabolism),

• analysis no.2: MF/EMF (medium oxidation),

• analysis no.3: ECF/EMF (oxidative stress).

For each of these three comparisons in first instance PCA analysis was performed 

to see the overall similarities and differences between measured samples and to 

detect any outliers. A PCA score plot built upon all 686 compounds did not show 

clear samples grouping when performed for any of the 3 comparisons. Furthermore, 
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Caco-2 cells used for the experiments were utilized between passages 7-10 and no 

trends and groupings could be observed due to the different passage number, i.e., 

samples were randomly distributed within the score plots. 

In the next step, we used a priori known structure of the data to find patterns in VOCs 

distribution related to specific groups. PLS-DA was used to find compounds with 

untargeted matter which were significantly different in headspace of MF/CF, 

MF/EMF and ECF/EMF. The sMC was used to statistically assess the importance of 

VOCs chosen by each of the PLS-DA models. Using a significance level of p≤0.001, 

the sMC has chosen three sets of VOCs. A schematic overview of the number of 

compounds that arises from each comparison can be found in Scheme 3. 

Out of 686 VOCs in the data matrix, 15 were significantly different (p≤0.001) between 

medium only (MF) and medium + cells (CF) (analysis no.1). This difference can be 

connected to the Caco-2 cells and their normal metabolism. In analysis no.2, VOCs 

in the headspace of medium (MF) were compared to medium containing 100µM 

H2O2 (EMF). A total of 21 VOCs appeared to be significantly different between these 

groups, so these VOCs are connected to the oxidation of medium components. In 

analysis no. 3 the headspace of H2O2 exposed cells (ECF) is compared with the 

headspace of medium and H2O2 only (EMF). In this case 16 VOCs were detected to 

be significantly different between both groups. Similarly, to the first analysis, these 

two groups differ due to the presence of cells, in these case exposed ones. As can 

be seen from Scheme 3, only 10 VOCs out of the 16 VOCs seem to be exclusively 

related to the oxidation of the Caco-2 and their metabolism. This emphasizes the 

need of a proper study design. Due to controls, we can exclude 5 VOCs which 

repeatedly appeared significant in analysis no.2 having been related to medium 

oxidation and 1 volatile from analysis no. 1 related to normal cell metabolism. Further 

data analysis is focused on analyses no. 1 and 3 since these experiments concern 

normal and altered cell metabolism.  
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Scheme 3. Overview of the number of compounds that significantly changed in analyses no.1, 2 and 3 of 
analysis design Scheme 2.

Analysis no. 1 MF/CF

To visualise the differences found in analysis no. 1, the PCA score plot was built on 

the relevant set of 15 VOCs (Figure 2). Out of these 15 compounds 8 could be 

tentatively identified. For the remaining 7 compounds identification was inconclusive. 

The trends in relative abundances, increase/decrease of the compounds, all 15 

VOCs were considered. A group of 8 compounds including phenol was found in MF 

but not in CF. This means that the compounds should be derived from the medium 

but were entirely consumed by the cells in the CF group. Another group, consisting 

of 3 compounds including heptane was found in CF but not in MF, demonstrating its 

formation by the cells, while a third group, including 1-nonene or 2-nonene was 

present in both, MF and CF, but at different proportions. 
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Figure 2. PCA Score plot obtained for 15 significant compounds selected by PLS-DA sMC. Dots represent 
CF (Caco-2 cultures), reverse triangles represent MF (Medium only). The groups are well separated along 
PC1 indicating differences in the VOC profiles. From the plot it can be seen that the variation within both 
groups is rather similar.

Analysis no. 3 EMF/ECF

Here, the differences found in analysis no. 3 have been visualised in a biplot based 

on the PCA analysis of the relevant set of 10 VOCs (Figure 3). As can be seen from 

Figure 3, the separation between exposed Caco-2 samples, and exposed medium 

is reached along principal components 1 and 2 that explain over 60% of the total 

data variance. 

Besides the separation between groups, Figure 3 also shows the changes in relative 

compounds concentrations indicated for each compound by dotted lines. As can be 

seen from the Figure, 4-methyl-2-pentene is clearly higher in the headspace of the 

exposed cells, whereas for instance 2-octene and the octadecane isomer C18H38 are 

higher in exposed medium only when compared to exposed cells. 
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Figure 3. Biplot of PCA analysis performed on the 10 most significantly changed VOCs selected by PLS-
DA sMC as being different in headspace of ECF (exposed Caco-2 Flasks). Each square and triangle 
correspond to a single sample (chromatogram) and each line corresponds to a compound.

Discussion

The aim of this study was twofold: introduction and validation of a newly established 

system for collection of headspace air from cell cultures and implementation of an 

experimental design to show a potential application of the system. We have 

demonstrated that combination of 1h collection in the system, GC-tof-MS 

measurement of the samples and multivariate data analysis, allows detection of 

VOCs released in each sample set up, as well as spotting subtle, but discriminative 

differences between them. At the same time, we demonstrated good system 

reproducibility. 

Since the system was designed to mimic conditions normally present in culturing 

stoves, it was expected to be similarly favourable for cell growth. A post-collection 
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mean cell viability of 93.1% indicated that no substantial cell death occurred during 

sampling, confirming our expectations.  

Several ‘bioreactor-like’ systems with long term incubation times (12h-24h) were 

introduced previously to study volatiles being either released or consumed by cancer 

cell lines (e.g., HepG2, A549, NCI-H446, SK-MES-1) in comparison to medium 

controls or normal cells (e.g., BEAS-2B, HBEpC, hFB) [10, 23-27]. Such an 

approach is thought to increase the concentration of released compounds making 

their detection easier. Determination of cancer-specific VOCs could potentially 

enable an early, possibly even preventive cancer diagnosis. However, these 

systems for cells headspace collection require a long-term incubation time. The 

accumulation of products formed during the incubation time also changes the 

culturing conditions and may adversely influence cell viability and results, whereas 

ideally the system should prove to be favorable for cell growth, as well as 

reproducible in collection output. Long term incubation also limits the possible 

application of the systems invented so far, as studding variety of exposures effect 

on VOCs composition will often require fast collection, capturing the change 

triggered by studied in vivo agent.  

Because short collection time (in our case 1 h) was found to be sufficient to detect 

considerable amounts of VOCs present in headspace air, we not only got an insight 

into VOCs released/consumed by cell lines, but also have the possibility to alter cell 

environment by including different experimental designs to study their impact on 

VOCs dynamics. In this study, we present an example of such an application: 

induction of oxidative stress by the exposure of Caco-2 cells to hydrogen peroxide 

and its effect on VOCs dynamics detected in the system. Hydrogen peroxide is a 

stimulus known to dose-dependently induce ROS production, decreased antioxidant 

defences and increased oxidative DNA damage in Caco-2 cells [14, 28, 29]. 

Oxidative stress related diseases are among the major cited origins of changed 

VOC-profiles. Increased reactive oxygen species (ROS) production and oxidation of 

lipids, proteins and other molecules is commonly observed in diseased people. Lipid 

peroxidation results in volatile hydrocarbon products, e.g., alkanes and alkenes, that 

can be easily detected in the breath and be a part of the set of compounds that 
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discriminate healthy people from diseased ones. Yet, clinical application of breath 

biomarkers will need confirmation of the discriminative sets toward certain 

conditions. So far studies are inconclusive on what are the trends in formation of 

oxidation products. In this study we looked into the effects of oxidative stress on 

isolated cells under controlled conditions. Volatiles found in analysis 3 (comparison 

of EMF vs. ECF), included some compounds solely related to medium oxidation and 

normal cell metabolism, which needed to be excluded. The remaining 10 out of 16 

compounds could be considered as being related exclusively to VOCs generation 

due to oxidation stress imposed on Caco-2 cells.  

Tentative identification of the compounds determined in analysis no. 1 was 

successful for only 8 out of 15 of compounds that came up as significant. Spiking 

and using chemical standards in future analysis may allow for identification of more 

compounds and thus give a better and bigger picture of the biology behind its 

formation. At this time, we have found phenol, 1-methoxy-2-propanone and ethyl 

benzene to be released by medium and entirely consumed/ metabolised when Caco-

2 cells were present. Two C11H22 isomers and heptane were detected solely in 

headspace of Caco-2 cultures, pointing towards their cell derived origin. 1-/2- 

nonene and pentadecenal were found in the headspace of both medium only and 

Caco-2 cultures. Their relative abundances suggest that they were produced by 

medium and partially consumed/metabolized by Caco-2 cells.  

The study design allowed distinction of compounds related to the oxidative stress 

imposed on the Caco-2 cells from compounds that showed to be related to medium 

oxidation (analysis 2) and normal cell metabolism (analysis 1). Ten out of the 16 

compounds that were significantly different could be considered as being related 

exclusively to VOCs generation due to oxidation stress imposed on Caco-2 cells 

found in analysis no. 3 (comparison of EMF vs. ECF). For analysis no. 3, from 10 

significantly changed VOCs connected solely to the influence of oxidative stress on 

the Caco-2 cells, we were able to tentatively identify 8 compounds. 4-methyl-2-

pentene was markedly higher in the headspace of the stressed cells, whereas for 

instance 2-octene and the branched C18H38 were reduced when comparing exposed 

cells to exposed medium only.  
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Conclusion: the system described here allows for the dynamic sampling of 

headspace of cell cultures. Sufficient quantities of VOCs formed during cell culture 

for adequate GC-tof-MS analysis are produced, while cell viability and system 

reproducibility are high. It enables fast and varied experiments when performed 

according to an adequate (deductive) study design and could deliver time-resolved 

production of VOCs.  

In the study presented we used a high number of replicate experiments (n≥20) which 

allow for reproducible and representative results. Not all significant compounds could 

be identified, this might be improved in future studies when chemical standards are 

available. 
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Summary and general discussion 

Summary and general discussion 

This thesis is focused on the untargeted analysis of volatile organic compounds 

(VOCs) in the context of gastrointestinal health and disease. Breath analysis, with 

its non-invasive nature, is an attractive prospect for diseases diagnosis and 

monitoring. It is widely assumed that VOCs in breath provide a reflection of a 

metabolic state of the organism but understanding and capturing that reflection with 

pinpointing its source is still an incredibly challenging task. In addition, results 

published in the literature are based on small patient numbers that impacts statistical 

validity of the results and where it is virtually impossible to study confounding factors 

[1]. Chapter 2 of this thesis is looking at the general influence of endogenous and 

exogenous factors on exhaled breath composition to gain better understanding 

which potential confounding factors must be accounted for when studying exhaled 

VOCs. Thanks to support of Top Institute Food and Nutrition, we had an opportunity 

to study confounding factors in breath samples from the 1417 well-characterised 

participants from the LifeLine (LL) population cohort in the Netherlands: i.e., age, 

BMI, smoking, blood cell count, several metabolic parameters, and a group of 16 

recorded medications. The results showed that smoking impacted the VOCs profile 

most significantly. 

Age, gender and BMI influence an individual’s metabolism. Although they impact 

breath composition to lesser extent than smoking, they should also be considered in 

study designs. In our study, no evidence was found that cholesterol or triglyceride 

levels influenced overall VOCs profile. The immune response is expected to 

influence VOCs, but surprisingly no significant differences were detected related to 

the number of various types of white blood cells. This latter may be explained by the 

lack of statistical power, as in this general population cohort the number of people 

with increased neutrophil counts was small (n=11). Medications can affect both host 

and/or microbial metabolism and as such were expected to influence VOCs profiles 

[2]. Within the available cohort set up we were only able to compare VOCs profiles 

of women taking chemical contraceptives vs. those not taking them. However, no 

significant impact on VOCs was noted. For all other medications, because we were 
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not able to compare individuals with a certain disease taking medication versus 

individuals with the same disease not taking the medications, it was impossible to 

distinguish disease effect from treatment effect on VOCs. It is important to note that 

medication may affect the breath profile and this information should therefore be 

considered in breath analysis studies [1]. The effect of external factors, i.e., age, 

gender, smoking, presence of anxiety and depression was also included in Chapter 
5, where the use of VOC as a potential diagnostic biomarker for IBS was 

investigated. No statistically significant correlations were observed, indicating they 

were not confounding the separating ability of the VOCs profile for diagnosis of IBS. 

Chapter 3 and Chapter 4 focus on exploration if and how exhaled breath was 

affected by dietary changes in healthy individuals. First, a set of 12 volatile 

compounds distinguished samples obtained during a gluten-free diet from those 

obtained during a normal diet (Chapter 3). Our findings indicate that a gluten-free 

diet had a reversible impact on participants’ excreted metabolites visible in breath. 

Nine weeks after ending the gluten-free diet, the VOC profile returned to the one 

measured prior to intervention. In the research of Palma et al., gluten-free diet 

appeared to be associated with reduction of polysaccharide intake and since 

undigested carbohydrates are considered as a main source of energy for commensal 

microbiota, it might explain the drift of the gut microbial composition [3]. This in turn 

is expected to be associated with a change of volatile metabolites produced by 

bacterial communities. Those metabolites when absorbed into the bloodstream, can 

be further metabolized, and finally be excreted in urine or breath [4, 5]. An interesting 

observation was that even though the change in VOCs caused by diet followed the 

same pattern, the dynamic of this change differed between individuals. Heinzmann 

et.al., in research on stability and robustness of human metabolic phenotypes in 

response to food challenges, highlights the importance of understanding impact of 

individual differences in metabolic baseline and in response to dietary interventions. 

In their study, some individuals displayed greater stability of metabolic profile than 

others [6]. Therefore, it is possible that differences in dynamic of changes visible in 

our study could relate to diverse individual metabolic phenotypes. Secondly, in 

Chapter 4, we investigated whether breath analysis can be indicative for altered 
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metabolism of two studied infant formulas, where the only difference was a droplet 

size. In a double-blind, cross-over design study, 29 healthy, non-smoking adult 

males, consumed two different milk formulas and delivered exhaled breath samples 

at various time points. Results showed significant differences in exhaled breath 

composition between the two formulas 240 minutes after ingestion, which 

corresponds to the moment of food entering the small intestine. We speculated that 

this (in part) may be related to differences in the digestion, absorption, or metabolism 

of nutrients and/or differences in GI motility [7, 8]. Here also a role of microbial activity 

could be considered, but this was not investigated in that study. No significant 

changes were observed at earlier time points. Although the exact origin of the 

discriminating compounds was not confirmed and pathophysiological consequences 

are not clear, the findings do show the potential of VOC analyses in fields of nutrition 

and metabolism. 

Furthermore, monitoring the effect of the diet by exhaled breath composition has 

potential for example to aid checking dietary compliance or to discover different 

digestion or absorption patterns. Nowadays, there are several simple commercial 

breath tests available that aid diagnosis of metabolic disturbances.  These include 

for example measurements of carbohydrate malabsorption or detection of small 

intestine bacterial overgrowth (SIBO). Enzyme activities and organ functions can 

also be assessed by using stable isotope-labelled probes, such as 13C-labelled urea 

for the diagnosis of the gastric bacterium Helicobacter pylori. An approach based on 

the use of exogenous VOCs probes (EVOC) as a potential strategy to measure 

activity of metabolic enzymes in vivo and by that aid development of breath based 

diagnostic and prognostic tests, was recently proposed by Owlstone Medical. 

Exogenous volatiles used as a probe allow direct monitoring of the substrate (probe 

itself) and products of its metabolism. The recent study by Ferrandino et al. has 

successfully demonstrated the use of exhaled breath limonene as a biomarker for 

liver cirrhosis [9]. Identifying specific conditions and diseases that can be targeted 

via this strategy opens a door for more targeted breath applications.  

It was suggested that any exogenous VOC that is metabolised by the human body 

can offer opportunity to assess metabolic enzyme or organ function [10]. Identifying 
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specific conditions and diseases that can be targeted via this strategy opens a door 

for more targeted breath application.  

The diagnostic and monitoring potential of VOCs analysis has been described in 

Chapter 5 and 6. First, we determined a discriminating VOCs profile between 

clinically confirmed IBS patients, obtained from the clinical Maastricht IBS (MIBS) 

Cohort, and GI healthy controls. Next, we determined how this specific VOC pattern 

correlated with GI symptoms in the MIBS and in LL DEEP general population cohort 

(Chapter 5). A set of 16 VOCs correctly predicted 89.4% of the IBS patients and 

73.3% of the healthy controls (AUC=0.83). To our knowledge, this was the first time 

that a set of VOCs in exhaled air was able to predict the presence of a prevalent 

functional GI disorder, which could be considered an important first step forward in 

the design and development of reliable non-invasive biomarkers for IBS. Random 

Forest analysis was validated twice to ensure the reliability of the classification and 

correct selection of the set of discriminatory VOCs. One of the big advantages of the 

study was the relatively high number of well-characterised people included. As the 

diagnosis of IBS is based on symptoms (as defined by the Rome III criteria), our 

second aim was to test whether our VOC biomarker set would also correlate with the 

severity of GI symptoms. Here results showed that the VOC-biomarker set correlated 

moderately with a set of GI symptoms in the MIBS (r=0.55, p=0.0003). Since 

functional GI symptoms observed in IBS patients are also rather common in the 

general population, we then confirmed that the VOC biomarker showed a moderate 

but significant correlation with a set of GI symptoms in the general population 

(r=0.54, p=0.0004) [11]. Correlation with symptoms shows promising potential of 

VOCs analysis in evaluation of treatments effect in IBS. As lifestyle factors, co-

morbid diseases and mediation used are associated with IBS, potential confounding 

factors should be included in the analysis as also found in Chapter 2. Kruskal-Wallis 

test showed however no influence from possible confounding factors in 

distinguishing IBS patients from healthy controls. We have speculated that both 

increase in inflammation and oxidative stress as well as microbiota changes could 

be highly related to the discriminatory power of the set. Further in-depth research is 

however still needed to investigate the origin of the discriminatory VOCs, to confirm 
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their identity, and to investigate the potential link to the underlying causes of IBS. 

Furthermore, to move from the reported potential closer to clinical applications, the 

results should be validated in an external cohort. 

In Chapter 6, the diagnostic value of breath VOCs to monitor mucosal inflammation 

in inflammatory bowel disease (IBD) was investigated. In 2005, Lechner et al.,. [12] 

already demonstrated the feasibility of exhaled air as a novel diagnostic tool in the 

differential diagnosis of GI diseases but used a limited number of IBD patients (n=10) 

and did not identify the significant compounds. At that time, to our knowledge, it was 

the first large prospective study evaluating the role of VOCs profiles in exhaled air in 

relation to disease activity of Crohn’s Disease (CD) patients [13]. 140 samples 

originated from an active disease stage, based on fecal calprotectin (FC >250 µg/g) 

and 135 samples from inactive disease stage (with a clinical HBI score <4 and serum 

CRP<5mg/l and FC<100µg/g). A third group consisted of samples from 110 healthy 

controls. A set of 10 discriminatory VOCs correctly predicted active CD in 81.5% and 

remission in 86.4% (sensitivity 0.81, specificity 0.80, AUC 0.80). Among tentatively 

identified discriminatory compounds, enhanced levels of alkanes, methylated 

alkanes, aldehydes were found, which may be connected to increased inflammation. 

Several studies show that oxygen mediated injury through increased free radical 

production and impaired antioxidant defense systems plays an important role in the 

pathophysiology of IBD [14, 15]. Hydrocarbons as the end products of lipid 

peroxidation show low solubility in blood and are quickly excreted into breath after 

formation and can be used to monitor the degree of oxidative damage [16]. 

Hydrocarbons and aldehydes were previously reported to be produced also by 

intestinal microbiota [17]. In recent work by Smolinska et al., a strong correlation 

between volatiles in breath and the fecal microbiome was shown in CD patients [18]. 

It was speculated that this may be due to anabolism/catabolism of volatile 

metabolites by microbes and/or stimulation/inhibition of microbial growth by 

metabolites. Volatile metabolites such as short chain fatty acids (SCFAs; butyrate, 

propionate, acetate) and alcohols (ethanol and propanol) are products of bacterial 

fermentation mainly from non-digestible oligo- and polysaccharide [19, 20]. SFCAs 

have been shown to have anti-inflammatory and anti-carcinogenic effects [21].  
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Additionally, acetone and isoprene came up as discriminatory compounds when 

comparing healthy controls versus active CD or CD in remission (Chapter 6). Both 

isoprene and acetone were present in high abundances in every breath sample, but 

they were both found to be part of discriminating sets of compounds in multitude of 

conditions [22-29]. As they are the result of ‘common’ biochemical processes in the 

body, it remains the question whether they ever will be specific enough to distinguish 

one condition from another. Furthermore, these compounds change considerably 

unrelated to the diseased conditions and are quite variably exhaled: their breath 

levels were reported to vary due to the inhalation from ambient air, diet, fasting, 

resting and exercise and even circadian rhythms [23, 30-34]. These uncertainties, 

among others are reasons why mentioned VOCs despite reported discriminatory 

powers have not yet found the way to clinical applications.   

Inflammation, oxidative stress, metabolic changes caused by normal and 

pathological processes as well as microbiome perturbations, are all factors 

simultaneously reported to be involved in a multitude of conditions. What one can 

observe in breath profiles may collectively be impacted by these factors. However, 

it is not yet fully understood how specific VOCs or combinations thereof can be 

related to shared underlying pathophysiological mechanisms rather than the specific 

disease condition per se. Furthermore, more validation is needed, not only to study 

the prospective biomarker sets in new external cohorts, but also to study them 

against other diseases.  

While the statistical significance or discriminatory power of exhaled breath is crucial 

for development of a test, it is also crucial to understand the biological origin of VOCs 

to study specificity of its production and to aid interpretation of results. In Chapter 7, 

we showed the validation of a system that would allow measuring VOCs in 

headspace of an in vitro cultured cell line. Considering interest in GI disorders, we 

have chosen the Caco-2 human, epithelial cell line that has been wildly used as a 

model for among others gut barrier function. The in vitro system allows for the 

application of different cell lines, as well as different experimental setups including 

varying exposure times and treatment options while preserving cell viability. High 

reproducibility of the collection system was confirmed by checking correlations 
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(p≤0.0001) between replicate samples. When studying the influence of oxidative 

stress on the VOCs composition, a total of 10 VOC’s showed either increased or 

decreased abundance in the headspace of the cell cultures due to the presence of 

the H2O2 stressor. An advantage of the developed system is that the released 

compounds accumulate and can be detected without affecting cell viability. Further, 

our study design ensured relatively high number of replicate experiments (n≥20) and 

inclusion of appropriate controls. Studying the relation between certain biochemical 

pathways and the excretion of VOCs in vitro, has the benefit of an enhanced level of 

control, which is not as simple in in vivo studies. In vitro, we can for example isolate 

much easier the matrix effect by looking at the volatilome produced by cells with 

medium, by medium itself, by medium exposed to a trigger (e.g., H2O2) and by 

medium exposed with cells. Thereby, we can exactly pinpoint where discriminatory 

compounds are coming from and avoid drawing wrongful conclusions. In Chapter 7, 

we investigated cells exposure to hydrogen peroxide but in similar manner we could 

study genetically altered metabolic pathways, cells co-cultures (e.g., with 

macrophages), exposures to other agents – either oxidative stress inducing and/or 

suppressing anti-inflammatory properties, or VOCs produces/consumed by 

pathogens. We presented a potential and a concept but to fully benefit from in vitro 

experiments it is important to implement standards to confirm the identified 

compounds and to further study potential biological origin of the changes observed. 
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Challenges, choices, and other dilemmas in Breath Analysis 
Challenges, choices, and other dilemmas in Breath Analysis 

Different analytical and methodological approaches in VOCs analysis 

There are many different approaches to collect, measure and analyse VOCs, both 

within the field of breath and headspace analysis. Before designing any breath 

analysis study several decisions must be made: 

• Which fraction of the breath should be collected (e.g., upper airways air, late 

expiratory air, alveolar air and mixed air)? 

• What is the volume needed (e.g., 2/3 of the total collect, the last 150 ml, 500 

ml)? 

• How to collect the breath (e.g., Bags, Syringes, Bio-VOC sampler, 

ReCIVA)?  

• What VOCs are we expecting to capture (e.g., entire spectrum for 

untargeted analysis, specific subset of volatiles)? What is the spectrum of 

volatility and polarity? 

• What types of sorbent to use to trap the volatile compounds (e.g., Tenax 

TA&GR, Carbograph, Carboxen)?  

• Under what conditions should the adsorption tubes be stored before 

chemical analysis and for how long? 

• What analytical equipment and method parameters would allow detection of 

these compounds (e.g., GC-MS, IMS, PTR-MS, SIFT-MS)?  

• How to control instrumental variation and introduce Quality Controls? 

• How to perform data pre-processing?  

• What machine learning tools are most appropriate for the posed question? 

• How to obtain identification of the unknown compounds? 

First, more information will be given in relation to breath collections dilemmas, 

choices around breath preconcentrating, breath measurement and analysis with 

some advantages and disadvantages discussed. Then, the subject of 

standardisation will be discussed and its meaning to VOCs research.  
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Breath collection  

Several air compartments of the lungs can be collected, i.e., upper airways air 

(commonly known as dead space air), late expiratory air, alveolar air and mixed air. 

This is visualized on Figure 1. Collection of dead space air, accounts for around 150 

ml of air and has a high resemblance to inhaled air and therefore is least informative 

about endogenously produced volatiles [35]. Collection of late expiratory air is 

defined in the least detail and there is no standard practice in place [36]. Due to that, 

different volumes of initial breath are discarded by different research groups, varying 

from the first few seconds of exhalation [37, 38], removal of one-third [39], half of 

each sample [40], or use of specific final volume (such as 100 [41] or 150ml [42]). 

The actual volume of dead space can be calculated based on the tidal volume of an 

individual and will vary due to bronchoconstriction, as well as different breathing 

patterns [43, 44]. Simply discarding one part of a breath volume, for all individuals, 

based on averaged out theoretical calculations is likely to bring an error. Alveolar air 

collection [45-47], is biologically, the most relevant one as this relates to partition, 

where gas exchange takes place. It will contain the most relevant VOCs, originating 

from the body via systemic circulation. For a reliable alveolar air collection, 

simultaneous monitoring with capnography is highly recommended [48]. End-tidal 

CO2 concentrations fluctuate during the different phases of breathing [36]. Relatively 

low levels of CO2 are present in Phase I, representing dead space air, which rise 

during the transitional Phase II (between dead space air and alveolar air) and finally 

reach a plateau, signaling the start of alveolar Phase III. With a CO2 sensor, air of 

Phase III can reliably be collected. Last, but not least, is the collection of total mixed 

air [11, 49], consisting of both dead space air and alveolar air. The one obvious 

advantage of that method is its simplicity. Less complex approaches often prove to 

bring less error and as such, especially in large scale studies, are worth considering. 

What needs to be noted is that mixed air will contain more environmental 

contamination from dead space air, and from nose and mouth. These need to be 

considered when planning collection, measuring samples and later in statistical 

analysis.  
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Figure 2. Schematic representation of air compartments and in relation to capnograph, breath phases 
and air compartments. Modified from Miekisch et.al.,2008 [50]

Sampling Devices

There are many breath collection containers and devices available in the scientific 

community. Most often used are polymer bags including Tedlar [51-53] and Mylar 

bags [54]. Marks International has released Bio-VOC sampler [42, 55] and 

Menssana Research released breath collection apparatus BCA [56] both for a late 

expiratory air collection. Some research teams use glad vials and gas-tight syringes 

[57-59]. The ideal collection container should be durable, cost and user friendly, 

chemically inert, and non-penetrable for environmental VOC contaminations nor for 

leakage of breath VOCs. In our research group, we have adapted the mixed breath 

collection by use of 3-5 L Tedlar bags for adult study participants and 1L bags for 

children. Tedlar bags are made from polyvinyl fluoride (PVF), being inert to a wide 

range of compounds and having a relatively good resistance to gas permeation. In 

previous studies, we have shown that the contribution of dead space air does not 

impact the sensitivity of measuring VOCs by gas chromatography time-of-flight mass 

spectrometry (GC-tof-MS) [35, 53]. This approach was done with the assumption 

that even though dead space air may introduce contamination including 

environmental background compounds, as well as originating from mouth and nose, 
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their distribution will be spread among the study population and as such it should not 

introduce significant differences to studied groups.  

The ReCIVA Breath Sampler available from Owlstone Medical, was developed in 

collaboration with multidisciplinary leaders in the breath research that joined forces 

to tackle robustness and reliability issues around breath sampling devices. Today 

ReCIVA is used in over hundred academic and clinical research sites worldwide and 

is a great choice for reliable and user-friendly collection. Due to the incorporation of 

pressure and CO2 monitoring, it allows collection of VOCs from the exact 

compartments, including alveolar air. The supply of clean air additionally reduces the 

exogenous background in a sample. With this type of collection, the exhaled VOCs 

are directly transferred to the thermal desorption tube. With other methods that 

transfer is the subsequent, manually performed step in the sampling procedure. 

Prolonged periods between collection in the bag or other container and 

preconcentration of VOCs onto the tube, may lead to some loss of VOCs. At present, 

ReCIVA is the collection method of choice and is being used in several breath 

studies carried out by also Maastricht research team. 

Breath preconcentration 

After collection, pre-concentration of the VOC sample is needed to detect VOCs 

present in very low concentrations, which is the case for majority of studies. This can 

be done with the use of thermal desorption (TD) tubes, a needle trap device (NTDs), 

or solid phase micro extraction (SPME). In their review, Lawal et al. showed that TD 

tubes are used in nearly half of all the studies published [36]. While Carboxen packed 

tubes are suitable for trapping highly volatile organic compounds (~C2–C4), Tenax 

sorbents might be a better choice to trap the less volatile VOCs in breath (~C7–C15) 

[60]. Volatility of the compounds collected, their polarity, sample volume and the 

humidity should all be considered when the choice is being made. Nowadays, one 

can compare and choose the absorbent or construct a multi-bed tube for a specific 

range of analytes across various sample volumes. In the procedure developed by 

our research team, after collection of breath in the Tedlar Bag, stainless-steel two-

bed sorption tubes, filled with carbograph 1TD/Carbo-pack X (Markes International, 
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Llantrisant, UK) was connected with one end to the bag itself and with another end 

to the vacuum pump. The content of the bag is ‘pulled’ inside the tube. The 

adsorption tube can then be measured or stored for further analysis. At the time the 

research in this thesis was performed, samples were stored at the room temperature. 

Since then, a study on the stability of 74 exhaled breath compounds suggested that 

analyzing samples by day 14 would minimalize a potential 1-2 standard deviations 

gain or loss in VOC concentrations [61]. When comparing three storing temperatures 

(4°C, 21°C and 37°C), 4°C was found to be optimal for compound stability [61].  Kang 

et al. have examined the stability of compounds stored on dual bed Tenax TA: 

Carbograph during 12,5 months at -80°C. Results showed that maximum storage 

duration under these conditions is 1.5 month with 94% of the VOCs being stable 

[62]. More research including a wider range of compound evaluated should be 

performed to confirm the preferable conditions for storage of thermal desorption 

tubes. It is also important to understand optimum purging requirement to remove 

water prior to storage and if/how this is affected by different storing temperatures.  

Breath Measurements  

GC-MS [53, 63, 64] is currently considered a gold standard technique for 

determination of VOCs in breath, allowing detection of a wide range of compounds, 

complete profile recognition and single VOC identification. Identified VOCs are 

easier to compare across the studies and can be related to underlying disease 

processes. Detailed parameters and description of our approach is mentioned 

throughout the chapters of this thesis and have been described more extensively by 

Van Berkel et al., [53]. GC-MS delivers high level of reproducibility [63, 65] and highly 

accurate chromatograms and it is especially valuable for analysis where the aim is 

to discover, identify and quantify compounds of interest. It plays a vital and critical 

role in providing evidence needed to support clinical relevance of potential 

biomarkers before those can be considered for direct, online testing in the clinic. For 

that, GC-MS devices are no longer suitable. Proton Transfer Reaction Mass 

Spectrometry (PTR-MS) [66], and Selected-Ion Flow Tube Mass Spectrometry 

(SIFT-MS) [67] can be used for real time measurements, and monitoring changes 

occurring rapidly, such as the influence of exercise, heart rate or ventilation [35]. In 
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the work of Amann et. al., PTR-MS was described as a powerful alternative for online 

monitoring of biochemical reactions in the body [68]. Inability to provide chemical 

identification of the compounds is its biggest disadvantage.  That is not a case for 

SIFT-MS [67] that even though also based on chemical ionization, allows 

identification and quantification of VOCs. 

Handling Omic- Data 

One of the challenges of breathomics, similarly to other omics, is the ability to 

analyze the tremendous amount of data. Breath samples contains thousands of 

volatiles, including the ones of interest coming from endogenous sources and 

connected to host metabolism, as well as exogenous ones, originating from the 

inhaled air and its contaminants. When it comes to statistical analysis, the goal is to 

choose the right tools that will allow to extract the information of interest and neglect 

the irrelevant one. Various machine learning methods are available nowadays to 

identify relevant and/or discriminating VOCs [69].  

Before data can be analyzed, a preprocessing pipeline needs to be established to 

deal with spectral noise and differences in baseline [70]. Denoising, baseline 

correction, alignment across all samples, peak picking, automated peak matching, 

as well as converting peak areas into a data matrix are all steps to be taken to receive 

a reliable base for further analysis. This was described in detail by Smolinska et.al., 

[69].  

A major aim of machine learning in breathomics is to explore and understand data 

complexity. Several characteristics need to be considered. Within breath data set, 

the number of detected compounds can reach thousands and in general, will by far 

exceed the number of subjects included. For further analysis, the number of 

variables needs to be reduced by removing redundant, repetitive, and irrelevant 

information. Before the actual variable selection strategy can be applied, compounds 

that are present in small quantity of the studied samples should be removed. In our 

case, compounds that were present in less than 20% of samples in at least one of 

the studied groups were eliminated as they do not carry representative value for the 

studied objectives.  
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As a subsequent step, an exploratory analysis by means of unsupervised 

approaches is a good way to gain an unbiased view of the data. Most frequently 

used is Principal Component Analysis (PCA) that allow visualization and distribution 

of samples, certain outlier detection, as well as spotting eventual grouping of data 

points and overall trends in the data. It extracts and displays the systematic variation 

in the data, provides a summary of all samples and shows how they are related to 

each other. The relation among measured VOCs impacting separation between 

samples can also be visualized. More detailed explanation of PCA and its 

interpretation can be found in Chapter 3.  

The next step of analysis is to use a priori knowledge, e.g., patient labels, treatment 

groups and other subject characteristics in supervised analyses. This approach 

enables finding discriminatory compounds and building predictive models. Although, 

supervised analysis is powerful, improperly used can lead to biased results. To avoid 

overfitting, predicted algorithms need to be validated by means of different types of 

cross validation within the studied set, by use of internal validation set, bootstrapping 

mentioned later, or ideally in a new independent data set.  

Supervised technics can be split into linear and non-linear analyses. Linear 

discriminant analysis (LDA) is a fast and powerful technique regularly applied in 

breath research. However, for it to be reliable few steps are required to counteract 

its limitations. Since LDA assumes normal distribution of the data and since it can 

only be applied if the number of samples is larger than number of measured 

compounds – breath data requires transformation to a normal distribution and 

substantial variable reduction. Example of linear method suited for breath analysis, 

is Partial Least Square (PLS) and its classification version- Discriminant Analysis 

(PLS-DA), which can be performed to find VOCs that discriminate between studied 

groups. PLS-DA resembles PCA and is a latent variable method [71]. While the first 

principal component (PC) in PCA is constructed in the direction of the highest 

variance in the data set, the latent variable (LV) of PLS is built in the direction that 

explains the highest covariance between VOC data and examined class, leading to 

increased separation between classes. More about that approach can be found in 

Chapter 6 [72]. The method was successfully implemented in discriminating healthy 
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children from children with allergic asthma, as well as, in recognition of lung cancer 

[73, 74]. PLS-DA is a powerful technique; however, it only allows looking at linear 

relationships in the data, is prone to overfitting and can be affected by outliers.  

In complex biological systems, nonlinear relations between compounds are often 

present. For example, disease subgroups, variations in disease stages, medication 

use, can additionally alter metabolic profiles and generate relations that cannot be 

captured by previously mentioned linear tools [75]. Nonlinear statistical tools have 

more power in terms of prediction but are much more difficult to interpret [69]. Among 

many nonlinear supervised methods used in pattern recognition Random Forest 

(RF) is one of the most often applied. In RF, randomly selected subsets of original 

samples selected with replacement (so called bootstrap aggregating used as training 

set) and randomly selected sets of compounds are used to build a large collection 

of uncorrelated trees so called weak classifiers. The samples that were not selected 

into the training set for classifier building are consequently used to validate the model 

(so called out-of-bag cases for calculation out-of-bag error). The goal of RF is to build 

many weak classifiers as different as possible from each other. The number of trees, 

number of samples in terminal node and the number of random variables being used 

at each node must be optimized [76]. Random forest was used to select most 

discriminatory compounds in Chapter 5 for IBS recognition and in Chapter 6 to find 

compounds discriminating active CD from subjects in remission and from healthy 

subjects [13]. It was previously used also for classification of patients with different 

stages of lung diseases and for COPD and bronchial carcinoma diagnosis [77, 78].  

Supervised machine learning allows capturing trends in data and identifying 

compounds responsible for the differences spotted between studied groups. 

Nevertheless, we need to prove that these trends are not artificial and can be found 

also in an independent data set. It is extremely important to validate obtained results 

[79]. It is recommended to have a large enough sample size to split the data from 

the start in a training set, which will be used to learn, optimize algorithm, and spot 

the patterns in data, and a validation set, which is solely used for checking reliability 

of the findings. Such a validation is applied to both studies of diagnostic nature 

described in Chapter 4 and Chapter 5. Ideally one would also validate results in an 
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external cohort, recruited at different time points and preferably at different clinical 

sites.  

Despite the major progress in breath research, none of the candidate biomarker sets 

reported in untargeted studies had reached the clinic yet. Several reasons can be 

put forward for this and although hard to pinpoint exactly, lack of consistency 

between studies is an important factor. For instance, for disease as IBD and lung 

cancer more than 40 VOCs are proposed [80]. A recent review on VOCs in IBS and 

IBD from breath and faeces samples, also showed little overlap [81]. This 

heterogeneity in results between studies can (in part) be explained by the varying 

procedures used for breath sampling and storage, the application of diverse 

detection platforms, differences in data processing and predictive modelling. 

Furthermore, most of the biomarker sets are found in single-center studies and are 

not yet externally validated in multi-center studies, making these biomarkers 

speculative and as such not equipped to be the base of a diagnostic tool in the clinic.  

Standardization in Breath Research 

It is important to consider standardization at every step of the process in each 

methodological approach and to validate the results in a multicenter study. Attempts 

are ongoing by the European Respiratory Society to define standard guidelines for 

sampling procedures [82]. Furthermore, within the International Association of 

Breath Research (IABR) [83] tasks forces are working on harmonizing breath 

sampling and analysis techniques including QC standardization between labs. 

While some standardized practices could be implemented across different 

methodological platforms (e.g., minimum reporting requirements on number of 

samples, number of variables, demographics, including food, smoking, medication 

use and consistent use of reporting units to name few), other will depend on the 

method and instrumentation used.  Using a standard gas mixture as a reference to 

test equipment and any preprocessing steps was proposed by one of the priorities 

for future research in exhaled VOCs according to European Respiratory Society [83]. 

In recent work of Stavropoulos et al., the importance of batch analysis within and 

across studies was thoroughly explained [82]. In recent work of Stavropoulos et al., 
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the importance of batch analysis within study and cross studies was thoroughly 

explained [84]. Technical variation in GC-tof-MS data can come from many sources. 

For example, changes in column performance, can introduce gradual drift in 

instrumental response and influence retention time, peak shape, sensitivity, and 

accuracy. One way to deal with batch effect is to use internal standards and QC 

samples at regular intervals. In metabolomic studies, QC are typically prepared by 

pooling samples of blood or urine [85], in breathomics, a QC mixture must be 

carefully composed so that it resembles composition and concentration ranges of 

metabolites within a study population. To aid compound identification and 

quantification, internal standards could be used. Identification of compounds based 

solely on spectral library matching, which often still is the case, should not be 

considered as a solution and requires confirmation by pure standards. Attempts were 

made to list compounds in human volatilome with inclusion of Chemical Abstract 

Service (CAS) numbers, but this requires continuous updating for more metabolites 

[86, 87]. By 2014, 210 VOCs were confirmed in human breath with the use of pure 

standards [88]. The use of internal standards and QCs with known concentrations of 

compounds does allow establishing linear range of the analytical instrumentation 

and monitoring analytical variations of the instruments. Reporting on Lower and 

Upper Limits of Detection (LLOD, ULOD) should also be included when assessing 

compound quantitatively. It is also of highest importance to standardize both 

methodology for chemicals injection and preparation of the mixture to ensure a 

reproducible mix. Furthermore, we should consider aspects such as stability of the 

mixture in time and regularly inspect quality of prepared standards. Following Good 

Laboratory Practice (GLP), as well as acknowledging and reporting on analytical 

error should be standard practice.   
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Study limitations 

Study limitations 

Differences between Rome III and IV and impact on studies performed 

IBS is a prevalent and burdensome disorders investigated in Chapter 5 of this thesis. 

It is diagnosed based on predominant symptoms as define by the Rome Foundation, 

which revises the definition every 6-10 years. The studies in this thesis were 

performed according to the Rome III criteria, published in 2006. Since then, stricter, 

the Rome IV revision was completed and released in 2016 [89]. Consequently, the 

prevalence of IBS by Rome IV was found to be lower, up to 6%. However, others 

found that updating the criteria from Rome III to Rome IV should not have a major 

implication for diagnosis of IBS [90]. The effect of the new diagnostic criteria on the 

finding presented in Chapter 5 are not clear and should be checked in future studies. 

Additionally, it would be interesting to compare VOC profiles between subgroups of 

IBS and to study correlations with for example microbiome and habitual dietary 

intake patterns as well as other potential underlying mechanism.  

Compound identification 

At the time of the current studies, we were not using external standards to confirm 

the identity of the compounds. Compounds were putatively identified by means of 

spectrum recognition using the National Institute of Standards and Technology 

(NIST) library in combination with spectrum interpretation by an experienced Mass-

Spectrometrist and identification based on retention index of compounds. Some of 

the compounds were not identified and would be difficult to validate in further studies.  
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VOCs in GI Health  

VOCs in GI Health  

Diagnosis of GI Diseases is incredibly challenging as many GI diseases share the 

same spectrum of symptoms, such as chronic abdominal pain or changes in stool 

patterns. IBS and particularly IBD in remission present themselves similarly with 

regards to symptoms reported [91, 92]. To differentiate them from each other and 

other conditions, such as colon cancer and/or celiac disease, warrants often invasive 

and costly endoscopic procedures [93]. Additionally, many diseases have a 

multifactorial origin and overlapping pathophysiological factors. For example, the 

intestinal microbiota has been reported to play an important role in both IBS and IBD 

[94, 95]. While gut microbiota composition of healthy individuals is characterized by 

high diversity and stability over time, in individuals with GI conditions a dysbiosis and 

reduction in diversity and stability is often observed [94, 95]. Moreover, the 

microbiota composition is related to stool consistency [96] and external factors such 

as antibiotics use and diet [81]. Since diet provides substrates for microbial 

fermentation and dietary habits are often altered in diseases subjects, it is difficult to 

disentangle cause and effect when it comes to diet and microbial composition in 

relation to symptom etiology. Growing evidence suggests, however, that both play 

an important role in GI health and disease.  Thus far, many speculations were 

reported on the interplay between VOCs and the microbiota composition. Microbes 

can change VOC output by either influencing host metabolism or by producing VOCs 

themselves. Upon creation, they would enter the bloodstream and be released in 

lungs. As previously briefly mentioned Smolinska et al. has shown a strong 

correlation between VOCs and the gut microbiome in CD patients with 18 

metabolites significantly correlated with 19 faecal bacterial taxa (R = 0.91 p-value 

3.5*10-4) in active disease and 17 volatile metabolites were correlated with 17 

bacterial taxa (R = 0.96 p-value 2.8*10-4 in quiescent disease [18]. A recent review 

on volatilomics in IBS and IBD focused on cross-referencing significant VOCs found 

in breath and faecal analysis studies [81]. Results showed, that 1,4- cyclohexadiene, 

was identified in breath by our research team (Chapter 5) and was also increased 

in faecal sample found by others [97]. This was the only overlapping compound 

identified among 6 studies looking at discriminatory compounds in IBS versus 
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healthy volunteers (HV). When comparing CD to HV, 10 compounds were found in 

more than one study, 6 of which were reported by the same group using the same 

or overlapping study population [98-101]. Additionally, propan-1-ol was found to be 

increased in faeces and breath in four studies including CD patients [98-100, 102], 

suggesting it may be a compound worth further investigation. However, it is 

important to note that propan-1-ol is also a common disinfectant. In the review of 

Van Malderen et al., most of the compounds that were described in two or more 

studies connected to both IBS and IBD are found to be endogenously or exogenously 

present in food or produced by microbiota. Many of these compounds were SCFA 

produced by anaerobic bacterial fermentation, that are known from anti-inflammatory 

properties and helping to mediate the effect of microbes on the host immune function 

[103].  
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Future Perspectives 

Future Perspectives 

As shown in this thesis, VOCs analysis has potential for monitoring dietary 

interventions, and GI disease diagnosis and progression. However, before VOCs 

analysis can aid diagnosis in GI health and disease, multicenter studies with 

adequate number of samples, should be performed to validate proposed sets of 

biomarkers externally, against healthy cohorts and other relevant alike conditions to 

check biomarker specificity. Moreover, relationship to symptoms, microbiota, diet, 

treatments should be studied further to better understand underlying mechanisms in 

relation to VOCs production and its relevance in clinical practice.  

Studying breath in an untargeted manner picks up holistic changes in breath content, 

but it is yet unknown whether these changes are specific enough to certain 

conditions or whether they are more general markers for underlying mechanisms 

such as inflammation or microbiome perturbations. Understanding what levels are 

related to normal metabolism and what ranges are connected to pathological state 

is necessary. The future breath biomarker needs to raise above normal inter- and 

intra-individual variation, and above variation that is possibly affected by 

environment, or instrument itself. It is incredibly important that we ensure high quality 

processes and good laboratory practices as with having a stable, consistent 

approach, we are more likely to succeed in determining and keeping expected 

variation. Ultimately it would be beneficial for the Breath Community to agree on a 

set of common rules that could be implemented despite the method and set 

requirements of minimum reporting. 

Recently proposed by Owlstone Medical, EVOC strategy for utilizing exogenous 

probes to measure metabolic responses could be promising alternative to 

approaches implemented so far. Understanding more about compound origin, their 

specificity and further studies involving in vitro analysis of cells, microorganism and 

viruses is a direction needing more attention. Potential ability to discriminate 

between viral and bacteriological infections would be enormous achievement that 

would help with the antibiotic resistance by providing a tool to assess introducing 

antibiotic only in necessary situations. Considering recent pandemic of COVID-19 it 
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is obvious to mention in future perspective the potential of studying breath as an 

option to aid accurate diagnosis of this viral infection. Although, viruses are non-

living entities and as such do not inherently have their own metabolism, it has 

become clear in the last decade, that viruses dramatically modify cellular metabolism 

upon entry into a cell and for that reason they may also affect host VOCs. The 

COVID-19 pandemic raised interest in exhaled breath condensate (EBC) and 

associated exhaled breath aerosols (EBA) which are both valuable non-invasive 

biological media containing a wide range of non-volatile molecules, such as 

cytokines, chemokines, hydrogen peroxide, ammonia, adenosine, leukotrienes, 

isoprostanes, nitrogen oxides, peptides, DNA and RNA [104, 105]. The initial 

concept of using EBA as a potentially useful matrix came from an investigation on 

what is the probative chemical that allow tracking dogs recognize presence of 

humans/ animals in e.g., woods long after they are gone, and VOCs would likely 

disappear [106]. In the pilot study of Jendry et al., reported that trained detection 

dogs can identify respiratory secretion samples from hospitalized and clinically 

diseased SARS-CoV-2 infected individuals by discriminating between samples from 

SARS-CoV-2 infected patients and negative controls with average diagnostic 

sensitivity of 82.63% and specificity of 96.35% [107]. It is important to note that also 

for EBC collection, one of the biggest issue is lack of standardization and joint 

multicenter research study is needed to address this further [108].  

The field of VOCs research has a long way ahead and the focus should be given to 

standardization and results validation.  
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The main aim of this thesis was to describe the potential of volatile organic 

compounds (VOCs) analysis to gain insight into different aspects of Gastrointestinal 

(GI) health and disease. Work collated in this thesis was presented during many 

scientific conferences and documented in scientific publications and with that, had a 

chance to become a source of inspiration, new insights and lessons learned to other 

research teams around the world. The work presented in Chapter 5 on Volatile 

Organic Compounds in breath as marker for Irritable Bowel Syndrome was rewarded 

with Joop Roels Impact Award 2013 for Breakthrough Character and Impact on 

Innovation Potential of the Industry. Sharing methodological and analytical approach 

to studying breath, and headspace air samples with other likeminded scientist 

enables knowledge share and increases a collective chance for the Breath 

Community to succeed. Breath analysis, due to its non- invasive nature, has 

tremendous potential for clinical diagnosis and monitoring, and research presented 

in this thesis elaborated and confirmed validity of that even further.  

Public awareness of GI Health, its importance to our general wellbeing, its relation 

to diet and microbiome, had grown substantially since the work in this thesis was 

carried out. That substantial growth is not only visible in scientific literature but also 

in multitudes of internationally recognised bestsellers published between 2016 and 

2021, such as, both funny and informative ‘GUT’ of Giulia Enders or a nutritional 

therapy in a book - ‘Be Good to Your Gut’ by Eve Kalinik, to name couple. This 

proves how relevant the subject is to the public and how much people’s life is being 

affected by gut discomfort. As a society we have opened to subject that not long ago 

was still considered taboo and not only that we have started taking gut health in our 

own hands. This is guided by the need of patients that are often dissatisfied with the 

help received by the doctors ultimately leading to experimentation with over-the-

counter supplementation and/or dietary change all in a hope of symptom release and 

improved quality of life. This thesis mainly focuses on Irritable Bowel Syndrome (IBS) 

and Inflammatory Bowel Disease (IBD). IBS is a heterogeneous disorder with a 

multifactorial, though not completely understood pathophysiology, including 

alterations in e.g., intestinal motility, visceral perception, intestinal microbiota, barrier 

function, low-grade immune activation, and psychosocial factors. IBD is a collective 

name for Crohn’s disease (CD) and ulcerative colitis (UC) that are both chronic 
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relapsing inflammatory diseases of the gastrointestinal tract. IBD is generally 

considered to be result of dysregulated mucosal immune response to gut microbes 

in genetically susceptible individuals. Both IBS and IBD are prevalent and associated 

with impaired quality of life and relatively high healthcare costs. Bringing tools to aid 

diagnosis but also monitor effectiveness of different treatments would be of great 

benefit to society. High prevalence of GI complains and growing interest in GI Health 

among the general population accelerated further the pace of research and 

development. Looking at Fortune Business Insight, the global digestive health 

market size in USD was 37.93 billons in 2019 with the projection of the growth of up 

to 71.9 billion in 2027. Accordingly, to International Foundation for Gastrointestinal 

Disorders the cost to society in terms of direct medical expenses and indirectly by 

the loss of productivity at work may go above 21 billion per year when only assessing 

situation in US. 

The need for better diagnosis, better, more effective treatments, reduction in 

healthcare cost burden are subjects of interest of many market players looking to 

invest in R&D for the development of novel biomarkers and interventional products. 

With that in mind the work presented in the thesis can be relevant not only to patients, 

scientists, and healthcare providers, but also potential investors and private 

companies including pharmaceutical sector, functional food and beverages, vitamins 

and dietary supplements segments as specified in Digestive Heath Market Share 

Product types by Fortune Business Insights and visualised in Figure 1.  

Today breath analysis is already used in clinical practice to detect for example small 

intestinal bacterial overgrowth (SIBO) by measuring hydrogen and methane 

produced by intestinal bacteria, food intolerances caused by lactulose and/or 

fructose and for the detection of Helicobacter pylori infection. To explore the potential 

of breath further and broaden range of clinically relevant tests by using non-targeted 

exploration of new relevant biomarkers, lots need still to be done.   
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Figure 1. Target groups, areas of influence and potential impact. 

One of the problems with using volatilomics as base for diagnosing disease is the 

heterogeneity in results and the many external factors that can influence the ultimate 

breath measurement. In Chapter 2 we used a large cohort of 1417 healthy persons 

to grasp the variations in the human population and to investigate which 

characteristics influence a single breath measurement the most. Unsurprisingly, 

results confirmed how significantly smoking affects VOCs in breath and how it is 

necessary to account for this when designing breath studies. Although age, gender 

and BMI shown lesser impact on breath composition, they also need to be 

considered as potential confounding factors.  The application of that knowledge was 

documented also in Chapter 5, where the correlation to cofounding factors was 

checked to exclude its interference to the separating ability of the VOCs profile for 

diagnosis of IBS. Both Chapter 3 and Chapter 4 show impact of dietary changes on 

breath analyses and although the exact origin of the discriminating compounds was 
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not confirmed, the findings do show the potential of VOC analyses in fields of 

nutrition and metabolism for example to aid monitoring of dietary compliance or to 

discover different digestion or absorption patterns. 

In Chapter 5 a set of 16 VOCs correctly predicted 89.4% of the IBS patients and 

73.3% of the healthy controls (AUC=0.83). To our knowledge, this was the first time 

that a set of VOCs in exhaled air was able to predict the presence of a prevalent 

functional GI disorder, which could be considered an important first step forward in 

the design and development of reliable non-invasive biomarkers for IBS. 

Furthermore, in this work we have also investigated the correlation between VOC 

marker and severity of GI symptoms. Moderate but significant correlations was 

shown to both symptoms in  IBS cohort and in general population, showing promising 

potential of VOCs analysis in evaluation of treatments effect in IBS. Before bringing 

this further to the clinic we should gain better understanding on the origin of the 

discriminatory VOCs, confirm their identity, and investigate the potential link to the 

underlying causes of IBS. Furthermore, to move from the reported potential closer 

to clinical applications, the results should be validated in an external cohort. This 

would further allow development of new point of care devices resulting not only in 

non-invasive diagnosis but also one that is quick, accurate and accessible to 

clinician.  

In Chapter 6, we investigated the diagnostic value of breath VOCs to monitor 

mucosal inflammation in inflammatory bowel disease (IBD) and concluded that 

VOCs can be used to discriminate Crohn's disease (CD) patients from healthy 

controls and between active CD and CD in remission in a real-life cohort. When 

discriminatory VOCs were combined into single disease activity score, they enabled 

classifying patients that could not be classified with a combination of faecal and 

serological markers. Although also here further validation is required, specifically a 

new multicenter cohort with endoscopic assessment of inflammation as gold 

standard, the scientific impact of the study is providing feasibility and significant step 

towards future development of point-of-care devices for assessing disease activity. 
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Chapter 7 provides a way to gain insight into what happens with VOCs on cellular 

level and how can we learn more about VOCs production in vitro to better understand 

it in vivo. The system for headspace analysis allows the investigation of the influence 

of certain exposures, treatments, and co-incubations on cell metabolism. The system 

was validated and the repeatability between subsequent collections was established. 

The potency of the system was demonstrated by an experiment in which we exposed 

Caco-2 cells to H2O2, a well-known oxidative stressor and observed significant 

changes to 10 VOCs. This work shown promising results and systematic approach 

to studying VOCs in vitro however, at the time no chemical standards were used for 

compounds identification and that would substantially increase the impact of the 

results.  

Although the time has passed since the last work in this thesis was published, 

knowledge shared is as applicable today, as it was at the time. Lack of external 

validation, proven reproducibility of the results within different cohorts and in 

between studies, uncertainty with compounds identification and its relation to 

biological interpretation are still some of the same challenges we are facing today.  

However, effort of scientific community in bringing in improvement and 

standardisation is visible, and the field is keep progressing with constantly growing 

number of new publications. Introduction of more reproducible sample collection 

e.g., ReCIVA sampler, changes to samples storing conditions, routine application of 

internal standards are some of the advancements that further increased chances for 

finding clinically relevant breath biomarkers for disease diagnosis and monitoring.  

Work presented is a steppingstone in finding a solution to a current and truly relevant 

sphere of everyone’s health. 
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