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Abstract 

 

The serum metabolite profile reflects a great variety of factors including age, gender, 

diet, exercise, gut microbial metabolism and the presence of disease. Importantly, 

changes in the serum metabolome may appear prior to the clinical manifestation of 

disease, provide insight into underlying biological mechanisms and be predictive of 

disease progression and/or amelioration. Using an animal model and human 

participants, the serum metabolome of obesity was studied in relations to diet and 

physical activity. In brief, obese rats consuming coffee had a favorable body 

composition, lower liver triglycerides and decreased serum concentrations of 

branched-chain amino acids, which are thought to cause diabetes when present at 

higher concentrations, compared to controls. In contrast, aspartame consuming rats 

showed impairments in glucoregulation. Our findings suggested that this might have 

been a result of aspartame causing an increase in the proportion of gut bacteria that 

produce propionate, a metabolite known to stimulate hepatic gluconeogenesis. In 

human subjects, obesity and metabolic syndrome risk factors were associated with 

lower concentrations of the sphingolipid precursors serine and glycine. Higher 

activity energy expenditure and physical activity levels showed the opposite 

association. Physical activity may thus improve on insulin sensitivity by reducing de 

novo synthesis of sphingolipids and their subsequent accumulation in insulin-sensitive 

tissues. Exercise also associated with improvements in body weight, lean mass, 

physical performance and symptom severity, following cancer treatment in head and 

neck cancer patients. However, none of these factors correlated with their 2-year 

survival. Instead, the baseline serum metabolite profile differentiated between 

survivors and nonsurvivors, despite matching for patient characteristics. Thus, serum 
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metabolites show potential as prognostic biomarkers for head and neck cancer 

patients. Lastly, we found that combining three metabolomics approaches resulted in 

the most comprehensive coverage of metabolite classes and the most complete 

description of the phenotype, for women with ovarian cancer. This Chapter also 

highlighted the need to address the influence of common risk factors on the serum 

metabolome. Taken together, the work presented in this thesis has provided further 

insight into the serum metabolite profile of metabolic disease and cancer in the 

context of diet and physical activity. 
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CHAPTER 1: INTRODUCTION TO CLINICAL 

METABOLOMICS OF DIET, EXERCISE, OBESITY AND 

CANCER 

 

Metabolomics from a Historical Perspective 

Metabolomics, the comprehensive characterization of metabolites in a biological 

system, is a relatively novel field and the most recent addition to systems biology, 

also including genomics, transcriptomics and proteomics. However, the link between 

metabolites and disease has been studied for centuries. Ancient Chinese, Indian and 

Egyptian cultures identified the link between urinary glucose and diabetes through the 

sweet smell and taste of urine [1, 2]. In the 18th century, diabetes was described as a 

systemic disorder that could be treated by diet, after having found an association 

between dietary carbohydrates and protein with sugar contents in the blood [2]. The 

first quantitative test for glucose in the urine was developed in 1847 [2]. 

 

At the end of the 19th century, Thomson and colleagues developed the first mass 

spectrometer, measuring the mass of charged particles and eventually isotopes [3]. In 

the 1950s, mass spectrometry expanded from the field of physics to biology and 

chemistry, resulting in the determination of the structures of previously unknown 

molecules as well as the identification of the association between metabolites in body 

fluids and mental illness and alcoholism [1, 3]. This was in part facilitated by 

combining mass spectrometry and gas chromatography [1]. Moreover, during this 

time, the first databases for mass spectra were developed, which accelerated the 
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identification of unknown analytes in a biological sample. In 1970-1985, the field of 

mass spectrometry was greatly advanced by the development of electron ionization 

and the ability to simultaneously detect multiple ions in one spectrum, for example 

allowing for the investigation of multiple organic compounds in biofluids [3]. 

 

Parallel to the development of mass spectrometry, nuclear magnetic resonance was 

discovered [4]. In the middle of the 20th century, researchers found that the spectral 

peak of an atom depended on where in a molecule it was positioned, which led to the 

ability to assign structures of small molecules, such as amino acids, and with time 

also proteins. Technical advances, including super conducting magnets and cryo 

probes further improved on the resolution and the sensitivity [4]. In the 1970s, 

phosphorus-31 nuclear magnetic resonance spectroscopy (NMR) was applied to study 

cellular metabolism, such as the concentrations of ATP, creatine phosphate and 

inorganic phosphate in frog muscle and rat heart [5]. Next, isotopes of carbon and 

hydrogen were used to study human erythrocytes [6, 7] and in 1988 proton NMR was 

used to study blood plasma, identifying glucose, fatty acid components, alanine and 

valine [8]. 

 

The manuscript by Robinson and Paulin in 1971 entitled “Quantitative Analysis of 

Urine Vapor and Breath by Gas-Liquid Partition Chromatography” [9] is considered 

by many to be the first metabolomics article. In this work a broad range of 

metabolites were quantified simultaneously in both breath (250 metabolites) and urine 

vapor (280 metabolites). The participants were provided with a standardized diet for 

several days to reduce the impact of dietary variations and changes in the gut 

microbiota. This approach was found to dramatically reduce the intra-individual 
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variation in comparison with the consumption of a non-controlled diet. The 

experiments used 200 mL of urine and the total experimentation time (no sample 

preparation) is estimated to have been greater than 6 hours. It was concluded that the 

technique showed promise for the study of orthomolecular medicine, aiming to 

optimize health by balancing the levels of compounds that are naturally occurring in 

the human body [9]. 

 

In 1998 Oliver et al. first used the term “metabolomics” to describe the differences in 

metabolite concentrations between yeast grown with either glucose or glycerol, as 

measured by fourier transform infrared spectroscopy [10]. Since then, the field of 

metabolomics has grown substantially, with the search term “metabolomics” now 

generating thousands of articles on PubMed (http://www.ncbi.nlm.nih.gov/pubmed). 

Areas of research are diverse and include food science, studies on plant and bacterial 

metabolism and to a large extent, human health.  

 

Recent advances includes the development of metabolite databases and libraries, such 

as the human metabolome database (http://www.hmdb.ca), which provides users with 

analytical information that can help assign or confirm metabolite identities. As well it 

can provide a summary of the potential roles in metabolism for each metabolite. 

Substantial efforts have also been made to construct biobanks for metabolomics use 

and to create experimental data repositories as well as to standardize sample 

preparation, analysis, ontology, reporting of results and data sharing [11-14]. Lastly, 

the high reproducibility and limited sample preparation of NMR and the high 

sensitivity of mass spectrometry approaches have made substantial impacts on the 
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field of metabolomics to date, and remain the two most commonly used platforms in 

metabolomics studies. 

 

Common Variables Influencing the Serum Metabolome  

In recent years an abundance of articles attest to the influence of factors such as 

gender, age, genetics, diet and gut microbiota (see below) as well as circadian rhythm 

[15, 16] and fasting status [16, 17] on the metabolome. A well-planned study design 

should allow for controlling such confounding effects and are thus paramount for 

minimizing unwanted variance in metabolomics studies. In addition, investigating the 

correlations between metabolites and common variables may furthermore be crucial 

in order to establish the importance of metabolite-disease associations in different 

populations. Below, some of the most important and most extensively studied factors 

in relation to metabolite concentrations in humans are discussed.  

 

Gender  
Since men and women have different physiology, body composition, body fat 

distribution and regulation [18, 19] as well as energy substrate use [20, 21], it is not 

surprising that there are distinct differences in the metabolite profile based on gender 

[22-24]. Indeed, studies report 35-78% of metabolites to correlate with gender [22-24] 

and the differences between men and women were among the earliest reported 

metabolomics findings [1]. Since then, the serum metabolite profile has been reported 

to reflect the preferred use of protein and carbohydrates in men, characterized by the 

higher levels of simple sugars and amino acids, and the higher lipid metabolism in 

women, with greater levels of fatty acids, phosphatidylcholines and sphingomyelins 

[22-24]. Other metabolites that have been correlated with gender are peptides and 



 

 5 

carnitines [22], which have been found to be higher in men, as well as vitamins, 

nucleotides and organic acids, which had inconsistent trends [22, 23].  

 

Gender-differences in metabolism are moreover evident when comparing disease risk. 

For example, women have low to comparable incidence of diabetes compared to men, 

despite having a considerable higher body fat mass [25]. This has been speculated to 

be a consequence of gender-differences in glucose uptake in adipocytes and skeletal 

muscle, as well as the result of estrogen and testosterone signaling [26]. For women, 

higher expression of estrogen receptors on skeletal muscle has been linked to a higher 

glucose uptake whereas prenatal exposure to testosterone is thought to program 

energy homeostasis in men [26]. Hormonal impact on metabolism also highlights the 

importance of life cycle events on the metabolite profile, including puberty, 

pregnancy, breastfeeding and menopausal status. For example, postmenopausal 

women have comparable blood triglycerides (TG) and risk for cardiovascular disease 

in comparison with men, whereas premenopausal women have decreased risk and a 

favorable lipid profile [27, 28]. Similar differences are seen in the serum metabolite 

profile, with post-menopausal women showing higher concentrations of some amino 

acids as well as the total amount of fatty acids compared to pre-menopausal women 

[28]. 

 

Although gender is highly related to disease risk and associates with a unique 

metabolite profile, currently little is known about how gender differences in the 

metabolome are related to metabolic disease. Moreover, most study participants are 

still predominantly male [21] limiting the understanding of disease-metabolite 

associations in women. 
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Age 
Age is an important risk factor for many diseases and has been associated with 

changes in lipids and amino acids for both men and women [28-31]. For example, 

women had higher levels of phospholipids and sphingolipids with increasing age 

whereas higher age was associated with lower levels of phospholipids in men [31]. 

These changes are seen together with elevations in LDL particles in both genders, 

with cholesterol and fatty acids in men and with omega-3 fatty acids in women [29]. 

Older men have also been shown to present with higher concentrations of some amino 

acids, such as phenylalanine and tyrosine, and metabolites associated with glycolysis 

and the citric acid cycle, including lactate, citrate and pyruvate, compared with 

younger men [28]. The change in the adult male metabolome has been found to be 

continuous after the age of 30. For adult women, the serum metabolome remains 

relatively constant until the age of 45, when there is a dramatic change in metabolite 

concentrations correlating with the onset of menopause, followed by a stabilization 

period [28]. 

 

Attempts have also been made to establish a metabolite-derived age variable aimed to 

better capture the biological state of aging and its relation to mortality [30, 32]. The 

two variables were based on 22 blood and 59 urinary metabolites, respectively, 

including amino acids, energy metabolites (citrate, phosphate), sterols and fatty acids. 

The metabolite-driven age variables were concluded to complement chronological age 

and to provide additional information related to the overall survival as well as with 

kidney malfunction, hyperglycemia and treatment for hypertension [32] as well as 

with bone mineral density and markers of lung function and telomere length [30]. 
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Although promising, it remains to be seen how such information can be used to 

further personalize medicine or to better predict disease.  

 

Genetics  
Genetic variations have great impact on metabolite concentrations. This is already 

clearly exemplified by inborn errors of metabolism, including phenylketonuria and 

disorders of the mitochondrial beta-oxidation, which are caused by mutations in key 

enzymes resulting in the inability to metabolize phenylalanine and fatty acids, 

respectively [33]. While such disorders are individually rare, inborn errors of 

metabolism are estimated to occur in one out of 2500 births [33]. Moreover, the 

overall genetic variations are thought to play an important part in the inter-individual 

differences in the metabolome.  

 

By combining genome-wide-association studies with mass spectrometry coupled with 

gas chromatography and liquid chromatography, a genetic influence has been 

established for 400 blood metabolites in two large European populations [34]. Twin 

studies have also revealed a high heritability in the serum metabolome, as discussed 

by Barron et al. [35]. In fact, the metabolite profiles of twins have been found to be 

more similar than the metabolite profiles from a single individual taken 2-3 years 

apart [36]. However, the extent of the impact of genetics on metabolite concentrations 

may be dependent on both the type of biofluid and the metabolite class, with a higher 

heritability for lipids compared to amino acids [37] and for blood plasma compared to 

urine, accounting from approximately 20-50% of the variation in concentrations [38]. 

Moreover, the genetic make-up has been shown to influence dietary intakes [35] and 

the microbiome [39], which in turn also affects the metabolome. 
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Lastly, genetic predispositions for metabolic disease may also manifest as early 

metabolomics changes. In a combined effort by the Vogel and Shearer laboratories, a 

link between the serum metabolome and genetic variations of the SORT1 gene, 

indicative of cardiovascular disease risk, was found in young healthy adults [40]. This 

profile was dominated by lipid species, was sex-specific and observed in the absence 

of typical clinical blood markers of cardiovascular disease risk, including LDL, total 

cholesterol and TG. Thus, changes in the serum metabolites levels may precede the 

manifestation of cardiovascular disease and the presence of its current clinical 

markers [40].  

 

Diet 
A number of individual metabolites have been shown to increase after the 

consumption of specific foods, including ethanol with alcoholic beverages, proline 

betaine with citrus fruit, docosahexanoate with fish, chlorogenic acid with coffee and 

mannitol and other sugars with chewing gum [41-43]. Other dietary patterns such as 

the consumption of animal protein and fish, as well as vegetarian and vegan diets, 

have been shown to have a more global influence affecting a great number of 

metabolites [44]. For example, the consumption of red meat is associated with higher 

concentrations of taurine, creatine, acetylcarnitines and TMAO among others [42, 

44], whereas a vegetarian and vegan diet were characterized by lower levels of lipid 

species and acetylcarnitines and higher levels of some amino acids and biogenic 

amines [44].  
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Dietary changes have been shown to a have substantial impact on the metabolome and 

disease risk, perhaps best shown by O’Keefe et al. [45]. In this study, African-

Americans were provided with a typical African diet (low fat, high fiber) for two 

weeks while participants from rural South Africa were given a typical North 

American diet (high fat, HF, low fiber) [45]. Africans had increased levels of 

secondary bile acids, while African-Americans showed increases in the short-chain 

fatty acid (SCFA) butyrate, post intervention. These changes were accompanied by 

alterations in colonic cell proliferation and inflammation, which are risk factors for 

colorectal cancer, as well as changes in the gut microbial profile [45]. Indeed, 

metabolomics changes associated with diet may in part result from the impact of the 

diet directly on the gut microbial profile (see below).  

Notably, not all metabolites that correlate with a dietary factor or food group will 

increase proportionally to the dietary intake [43]. The number of metabolites affected 

and the extent of the impact of diet, may moreover be dependent on the type of 

biofluid [43] as well as the fasting status [17]. Thus, it remains difficult to predict how 

much of a serum metabolite profile is dependent on the diet in contrast to other factors 

and to determine the necessary change in diet that is required to alter the 

concentrations of the metabolites of interest. Additional work assessing the impact of 

nutritional interventions as well as habitual intake on absolute and relative metabolite 

concentrations could provide such insight.  

 

Gut Microbiota 
There are 3 trillion microbes in the human gut and bacteria represent 90% of all cells 

and 99% of all genes in the human body [46]. In addition to producing vitamins and 

retrieving energy from undigested dietary components, the gut microbiota contribute 
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substantially to human health and disease [47]. On the one hand there are pathological 

species that can cause severe illnesses such as sepsis and lead to death [48]. A 

dysbiosis in the microbiota can also promote obesity, insulin resistance and 

inflammatory intestinal diseases [48, 49]. On the other hand, gut bacteria also play 

key roles in lipid metabolism and colonic health by producing secondary bile acid and 

thus facilitating lipid absorption and by producing SCFA such as acetate, formate, 

propionate and butyrate, respectively [49, 50]. In addition, the gut microbial profile 

has been linked to immune system maturation, intestinal morphology and function as 

well as host neurological behavior, among others [48, 49].  

 

The host metabolome-gut microbiota interaction is complex and is under the influence 

of factors such as age, diet and geographical area [51]. Bacterial metabolites can be 

absorbed from the intestinal lumen and reach the systemic circulation via the portal 

vein and the liver, as described by Sharon et al. [51]. Such metabolites have been 

found to associate with disease, including SCFA, polyamines, cholines, chlorogenic 

acids, bile acids and organic acids such as formate and lactate [47]. The recent rise in 

research combining metabolomics and microbial profiling has resulted in numerous 

important findings, including the identification of the mechanistic link between the 

gut microbial products TMAO and deoxycholic acid with cardiovascular disease [52] 

and liver cancer [53], respectively. In the case of diabetes, the bacterial biosynthesis 

of branched-chain amino acids (BCAA) has been shown to lead to their elevation in 

the serum and to correlate with insulin resistance [54].  

 

It is thus possible that the pathology of other diseases promoted by the gut microbiota 

may involve changes in the serum metabolite profile. Future research may also 
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provide further insight into what constitutes a healthy gut microbiota and to make 

estimations of how much of a change in the bacterial profile is required for a 

favorable impact on the serum metabolome profile and human health [55].  

 

Exercise and Activity Energy Expenditure  
There are a number of publications investigating the serum metabolome of physical 

activity i.e., body movements resulting in energy expenditure, as well as exercise, 

defined as physical activity that is planned, structured and repetitive and with the 

purpose of achieving physical fitness [56]. For example, exercise has been associated 

with higher blood concentrations of products of glycolysis and lipolysis, such as 

pyruvate, lactate, glycerol and fatty acids, in adult men and women [57-59]. These 

changes were reported to remain elevated for 1-2 hours post exercise [57, 58] and 

were found in combination with a higher expression of genes associated with glucose 

utilization and lipid metabolism [57, 58]. Concentrations of glycerol [57, 58] and fatty 

acids [57, 60] have furthermore been found to be higher in participants with a greater 

aerobic fitness (%VO2 at peak) [58, 60] and in healthy adults compared to adults with 

type 1 diabetes [57], perhaps reflecting the greater ability to utilize fat depots during 

exercise in these subjects. Similarly, when comparing 6-month long exercise 

programs in participants with risk for metabolic disease, the program with the greatest 

energy expenditure was shown to correlate with the highest concentrations of 

acetylcarnitines as well as an elevated expression of genes involved in the uptake and 

oxidation of fatty acids in the muscle [61]. 

 

Another common trend was the elevation of citric acid cycle metabolites (citrate, 

fumarate, malonate, cis-aconitate) with exercise [58, 59]. Concentrations of these 
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metabolites were furthermore seen at greater concentrations after high-intensity 

exercise in comparison with a moderate physical activity matched for time [57]. No 

common trends were seen for amino acids; their concentrations were reported to be 

lower with prolonged exercise [58], higher with increasing levels of objectively 

measured activity energy expenditure (AEE) in a large population study [62] and to 

be inconsistently correlated based on fitness [58, 60, 62]. Although metabolomics 

findings have given insight to energy substrate utilization during exercise in 

populations with or without metabolic disease, it is not clear at present how such 

profiles are related to disease prevention and/or amelioration.  

 

Parameters of Health, Longevity and Disease 
While the metabolite profile of health has been difficult to define, recent work shows 

correlations between blood metabolites and human longevity [63-65]. Indeed, since 

there is early evidence that links metabolism and/or obesity to all hallmarks of aging 

and since dietary interventions have shown to have been the ability to prolong life in 

animal models, metabolomics approaches may be especially well-suited to study 

healthy aging and longevity [66].  

 

Men and women that were 100 years of age or older have been shown to have higher 

serum concentrations of glycerophospholipids and sphingolipids [64, 65] and lower 

levels of glutamine, citrate, creatinine and phenylalanine [64] as well as tryptophan 

[65] in comparison to elderly aged 60-80 [64]. There have also been efforts towards 

establishing the role of individual lipid species, such as sphingolipid species, in aging 

with regard to health and disease, as has been reviewed [67]. For example, studies 

have found that while certain sphingolipid species correlated positively with 
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longevity, others were increased with diabetes and cardiovascular disease [65, 67]. 

Thus, the effect on health may vary within a class of lipids. In addition, recent work 

has focused on characterizing the differences in lipid composition of larger particles 

such as the low and high density lipoprotein cholesterol (LDL and HDL) between 

populations [68]. This could shed some light in the area of longevity as long living 

individuals commonly have lower levels of LDL, HDL, total cholesterol and TG in 

addition to a lower BMI and higher insulin sensitivity [64, 65].  

 

Lastly, there are numerous articles reporting on distinct metabolomics signatures for 

healthy humans in comparison to participants with disease. These include 

inflammatory bowel disease [69], sepsis [70] and colorectal cancer [71], as has been 

extensively studied by in the Vogel laboratory. Below, the metabolite profiles of 

metabolic diseases and cancer are discussed.   

The Metabolome of Obesity, Obesity-Related Diseases and 

Cancer 

Obesity, Insulin Resistance, Diabetes and the Metabolic 

Syndrome 
Obesity is defined by a body mass index (BMI) of 25.0 kg/m2 or higher and 

characterized by a higher percentage of body fat. The higher amount of fat, and 

especially visceral (abdominal) fat, results in numerous metabolic changes. For 

example, fat cells secrete adipokines such as leptin, adiponectin and resistin, which 

modulate biological processes involved in lipid, lipoprotein and glucose metabolism 

as well as food intake and inflammation [72]. An inbalance in the regulation of these 

processes can lead to higher blood glucose, TG, LDL and other lipids species as well 
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as proinflammatory cytokines and lower levels of HDL [73] and can, if left untreated, 

cause metabolic diseases such as diabetes and cardiovascular diseases. The link 

between obesity and insulin resistance has been extensively studied with 

metabolomics approaches.  

 

Amino	  Acids	  

Elevations in the BCAA (leucine, isoleucine and valine) are most consistently found 

to be correlated with obesity and obesity-related diseases [74-76], including the 

metabolic syndrome (MetS) [77]. In fact, BCAA concentrations have been suggested 

to be causally linked to insulin resistance and diabetes, by the accumulation of 

mitotoxic breakdown products of BCAA or by disrupting insulin signaling through 

the mTOR pathway [76]. Serum and plasma BCAA concentrations have furthermore 

been found to be predictive of diabetes six and twelve years prior to clinical 

manifestatgonzion, respectively [78, 79]. Similarly, dietary consumption of BCAA, 

mainly from meat and milk, has been linked with an increased risk of developing 

diabetes in three large American prospective cohorts with follow up times ranging 

from 20 to 32 years [80]. The quintile with the highest BCAA consumption showed a 

8-15% increase in the risk of developing type 2 diabetes compared to the lowest 

consumptions, independently of other diabetes risk factors (e.g., age, family history of 

diabetes, history of hypertention and/or high cholesterol, smoking, alcohol 

consumption, total energy intake, diabetes dietary score, physical activity and 

menopausal status) [80]. In one of the cohorts, the highest correlation with diabetes 

risk was found for young normal weight women [80]. In contrast, BCAA 

consumption has also been shown to be inversely correlated with diabetes in Japanese 

women in a prospective cohort with 10-year follow-up [81]. However, there was a 
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considerably smaller variability in the absolute amounts of BCAA consumed in this 

study and the vast majority of the dietary sources of BCAA were plant-based food 

items and seafood, a dietary trend that is not seen in the average US population [81].  

 

Higher blood concentrations of BCAA together with short-chain acetylcarnitines, 

non-esterified fatty acids (NEFA), glutamine, ornithine, histidine and arginine and 

lower concentrations of serine, glycine and ornithine have also been identified as the 

strongest metabolic signatures differentiating between metabolically unwell and well 

adults after having adjusted for BMI [82]. Another study showed that combining 

BCAA with phenylalanine and tyrosine, resulted in an improved ability to predict 

incidence of type 2 diabetes in a US cohort as well as for the European validation 

cohort [79]. Indeed, higher levels of phenylalanine and tyrosine have been 

independently correlated with obesity and diabetes in adults, as has been reviewed 

[74, 83]. 

 

Overall, circulating amino acids are commonly found to be at higher concentrations in 

overweight, insulin resistant and diabetic adults [83]. The reason(s) for such 

elevations are unclear, but may involve insulin reistance, dietary changes and 

absoption or proteolysis [83]. Although there are some differences in the literature for 

individual amino acids, this may be a result of the more moderate changes in 

concentrations with metabolic disease. For example, methionine and cysteine/cystine 

have been reported to be 9-22% higher in overweight adults compared to lean controls 

[74]. Plasma levels of cysteine/cystine have also been shown to mirror changes in 

BMI [84] as well as cholesterol and blood pressure in younger adults [84] and to be 

related to body fat but not to lean mass [85]. Methionine, has been shown to increase 



 

 16 

with insulin resistance together with BCAA, lysine and acetylcarnitines, with 

concentrations increasing from normoglycemic, insulin resistant, pre-diabetic to 

diabetic groups of middle-aged men and women [75]. Interestingly, amino acids 

commonly found to be higher with obesity and obesity-related diseases (BCAA, 

phenylalanine, tyrosine) have been found to decrease after bariatric surgery in 

severely obese individuals whereas glutamine, glycine and gut microbial metabolites 

increased compared to baseline [86, 87]. This was suggested to be linked to cardio 

vascular disease risk factors as well as a consequence of the drastic changes in BMI.  

 

Lipids	  

An altered lipid metabolism is characteristic of obesity and thought to mediate the 

development of insulin resistance. Potential causal links include the accumulation of 

lipids in insulin-sensitive tissues, such as the liver and the muscle, ultimately leading 

to perturbations in insulin signaling and the insulin-mediated glucose uptake [88]. 

While there is extensive evidence for the role of intra-organ lipids, such as ceramides 

and diacylglycerols, in the pathology of insulin resistance in animal models, there is 

limited mechanistic evidence for humans [88]. Moreover, little is known about the 

individual sphingolipid and diacylglycerol species and their impact on human health. 

 

Metabolomics studies investigating the lipidome have attempted to establish the role 

of circulating lipids and the MetS [89]. Overall, these metabolomics studies support 

the findings of higher levels of ceramides and diacylglycerols with obesity and insulin 

resistance [73, 90] and provide early evidence that fatty acid length and saturation 

may influence the association with metabolic disease [83, 89]. Indeed, long 

polyunsaturated fatty acids have been shown to be inversely correlated with diabetes 
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risk when present as constituents in circulating TG [91]. Saturated NEFA are instead 

commonly found to be elevated with obesity and diabetes [83] and to be predictive of 

diabetes in combination with lysophosphatidylcholines [78]. The impact of bioactive 

lipids on human health may also be gender specific, as total ceramide concentrations 

in subcutaneous fat depots have been linked to insulin resistance in women, whilst 

correlating with the pro-inflammatory cytokine IL-6 in men [73].  

 

Fasting serum concentrations of polyunsaturated fatty acids and individual species of 

cholesterol esters, ganglioside, phosphatidylcholine and lactosylceramide have been 

found to highly correlate with skeletal muscle concentrations of ceramides, 

diacylglycerols and TG in obese sedentary individuals [92]. Serum lipids have 

moreover been shown to share higher resemblance with liver concentrations of lipids 

in comparison with both subcutaneous and visceral adipose tissue in fasting obese 

women [93]. Thus serum metabolomics may be well suited to study the pathogenesis 

from obesity to insulin resistance.  

 

Other	  Metabolites	  

In addition to changes in amino acids and lipids, obesity and diabetes are well known 

to associate with high circulating levels of glucose as well as with ketone bodies for 

untreated or poorly managed diabetes [94]. Moreover, overweight and metabolic 

diseases have also been linked to higher levels of lactate and intermediates of 

glycolysis and lower levels of citric acid cycle metabolites [83]. However, such 

findings are still relatively rare in human serum metabolomics studies and need to be 

validated. 
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Cancer 
Cancer is defined as the rapid and uncontrolled division of abnormal cells. The 

aberrant biology has been conceptualized by Hanahan and Weinberg, listing 10 

hallmarks that enable the growth, survival and spread of tumor cells [95, 96]. The 

hallmark ‘deregulating cellular energetics’ is based on the Warburg effect [97]; the 

finding that cancer cells use glycolysis rather than the citric cycle to generate ATP, 

regardless of the presence of oxygen [95]. It is also thought that the higher levels of 

glycolysis stimulates cancer cell growth, division and migration by the higher 

production and secretion of lactate [98] as well as by supplying glycolytic 

intermediates which can be used as precursors for DNA, proteins and lipids [95, 99]. 

 

Not surprisingly, glycolysis, the citric acid cycle and pathways involved in amino acid 

and nucleotide metabolism are the most commonly altered pathways in cancer 

patients, as detected using both mass spectrometry and proton NMR [100-102]. In 

addition, changes in some less common metabolites that are representative of organ 

function have also been found for some cancers, including sterol metabolism and 

adrenocortical tumors as well as bile acid metabolism and hepatic tumors [102]. Other 

common alterations detected in cancer patients include changes in glutamine and lipid 

metabolism, representing the use of glutamine as an energy substrate, antioxidant as 

well as a precursor for lipid, protein and nucleotide synthesis [98, 103] and the 

increased need for lipids for cell membrane synthesis as well as for cancer signaling, 

respectively [99]. In addition, serum metabolomics studies have also found metabolite 

signatures related to cancer pathogenesis and prognosis [104].  
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Metabolite Biomarkers and the Clinical Applications of 

Metabolomics Findings 

Metabolite Biomarker Discovery  
A biomarker has been defined by the NIH as “a characteristic that is objectively 

measured and evaluated as an indicator of normal biological processes, pathogenic 

processes, or pharmacologic responses to a therapeutic intervention“ [105]. 

Biomarkers serve to improve on clinical practice and can be classified into markers of 

etiology (risk factors), pathogenesis, disease detection (screening and diagnosis) and 

disease (prognosis) [106]. For example, metabolomics biomarkers could help identify 

high-risk individuals with regard to a certain disease or disease complication, be used 

to tailor therapy and to monitor treatment response and/or disease progression [107]. 

The use of biomarkers has advantages coupled to the objectivity and the potential to 

detect disease prior to the manifestation of clinical symptoms, especially in diseases 

with few or nonspecific symptoms. However, these benefits need to be considered 

together with the disadvantages, such as costs and the risk of laboratory error, as well 

as with ethical responsibility, timing, reproducibility, sensitivity and specificity [106].  

 

To date, there are many metabolite biomarkers used in the clinic, including fasting 

blood glucose for diabetes, serum creatinine for renal function and the use of plasma 

amino acids and urine hexoses and organic acids for inborn errors of metabolism, as 

measured by mass spectrometry [101, 108]. However, despite an exponential rise in 

publications suggesting novel metabolite biomarker, there are no current 

metabolomics tests for diseases other than the neonatal screening of inborn errors of 

metabolism [109]. Indeed, many potential biomarkers have failed as a consequence of 
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poor study design or due to low sensitivity and specificity [109, 110]. There is 

moreover a great inconsistency in the metabolomics literature of potential metabolite 

biomarkers. This has been suggested to be a consequence of the differences in how 

researchers select, compare and report their metabolite findings [109].  

 

Following guidelines for biomarker discovery and validation, such as those describes 

for cancer by Pepe et al. in 2001 [111], could facilitate the detection of true 

biomarkers while also reducing the efforts spent on biomarkers that would not reach 

the clinic because of not meeting the requirements. Moreover, although not required, 

unraveling the metabolic pathway or the role a metabolite or a metabolic signature in 

the disease of interest can help attest to the validity of the biomarker for the disease 

state.   

 

Metabolomics signatures have also shown potential as aids during surgery, by 

differentiating between healthy and malignant tissues using imaging technologies, 

such the iKnife [112, 113]. This is achieved by ionizing tissues and by creating a 

metabolite aerosol, which can be analyzed using mass spectrometry. If the early 

evidence is supported by larger clinical studies, such techniques could eventually lead 

to quicker assessments of tumor margins in comparison with the current use of 

biopsies and histological approaches, as well as to lead to a reduction in the amount of 

healthy tissue that is removed. Similarly, the use of other imaging metabolomics 

techniques (MALDI) have been shown to provide information regarding the spatial 

distribution of lipids in human tissues, contributing the understanding of different 

histological structures and their functions as well as the identification of tumors with 

different metabolic subtypes [114]. 
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Mechanistic Findings and Novel Therapeutic Targets 
In addition to the use of metabolite biomarkers, metabolomics approaches can also be 

applied to study biological mechanisms that underlie disease or that otherwise affects 

human health. The previously mentioned link between TMAO and cardiovascular 

disease [52] as well as BCAA and insulin resistance and diabetes [76] are two 

examples. Other metabolite-derived mechanistic findings include the correlation 

between plasma concentrations of the metabolite 5-propyl-2-furanpropanoic acid and 

the development of glucose intolerance and diabetes secretion, as seen for both 

humans and a mouse model [115]. In brief, 5-propyl-2-furanpropanoic acid was found 

to induce oxidative stress and lead to mitochondrial dysfunction in β-cells. Inhibition 

of the uptake of the metabolite into the pancreas prevented such impairments. 

Although promising, these findings would not be replicated in another population of 

adults with insulin resistance and MetS [116]. Another example is the accumulation 

of aspartate and glutamate as well as citric acid cycle intermediates in lung cancer 

cells, which led the authors to suggest that the enzyme pyruvate carboxylate (which 

catalyzes the formation of oxaloacetate from pyruvate) may play an important role in 

the proliferation of certain tumor cells [117]. In the follow up study, the higher 

expression and activity of the enzyme was confirmed and its knock down led to a 

reduced proliferation in vitro as well as a reduction in tumor growth in a mouse model 

[118]. Serine and glycine metabolism has furthermore been linked to the ability of 

brain cancer cells to adapt to a hypoxic environment, while also showing an increased 

vulnerability to the inhibition of glycine degradation [119]. The gliomablastoma cells 

were shown to highly express two enzymes involved in the conversion of serine to 

glycine as well as the degradation of glycine. High expression of the former, i.e., 
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mitochondrial serine hydroxymethyltransferase, led to the down regulation of 

pyruvate flux and citric acid cycling, and in extension to a decrease in the cellular 

oxygen consumption and thus a metabolism better suited for hypoxic conditions. On 

the other hand, the dependency on glycine cleavage to avoid toxic accumulation of 

glycine made these cells vulnerable to drugs targeting this pathway, suggesting that 

such inhibitors may be valuable as novel therapeutic agents in these cancers [119]. 

 

Lastly, studies combining metabolomics and genomics have in the area of cancer also 

identified a number of “oncometabolites”; compounds that accumulate as a 

consequence of a cancer-associated mutations [98, 120]. Such mutations have been 

found for some of the citric acid enzymes, leading to great increases in the 

concentrations of intermediates such as succinate, fumarate and α-ketoglutarate. 

When present at higher concentrations these metabolites have been associated with a 

deregulation in multiple metabolic pathways as well as with epigenetic modifications, 

such as hyper methylation and extensive gene silencing contributing to cancer 

progression. Taken together, these findings have provided mechanistic insight and led 

to the identification of novel therapeutic targets as well as functioning as potential 

biomarkers [120].  

 

Metabolomics Methodology 

Samples for Metabolomics Analysis  

The	  Use	  of	  Serum,	  Other	  Biofluids	  and	  Tissues	  

The use of serum samples in metabolomics studies has many advantages over other 

types of specimens. For example, biofluids are readily available and minimally 
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invasive, which often is preferable to tissue samples in larger cohorts, when samples 

need to be repeatedly taken or simply to avoid pain, discomfort and the risk of 

infection (e.g., sepsis) during biopsies. The serum metabolome can moreover provide 

a snapshot of the global state of an individual, as the concentrations of circulating 

metabolite reflect multi-organ metabolism. In addition, serum is less influenced by 

diet and daily variations and more regulated in terms of pH and dilution compared 

with urine [11, 121]. Although metabolites in matched blood plasma and serum 

overall show strong correlations [122, 123], metabolite concentrations have been 

reported to be higher in serum [123-125] and to contain more detectable metabolites 

[125]. Serum may thus be better suited for metabolomics studies investigating 

biomarkers or the relationship between metabolites and disease. However, serum 

samples need to be consistently handled in order to not introduce variance as a 

consequence of the additional coagulation procedure, and the subsequent addition of 

time spent in room temperature (about 30 minutes) in comparison to plasma samples 

[123, 126]. It is also possible to analyze the metabolome of blood cells, such as the 

red blood cells, which is coupled with unique challenges. For example, the cells are 

metabolically active, hence the metabolome will change with time and dependent on 

sample handling and storage [127, 128]. Lastly, there is furthermore a great body of 

work for serum metabolomics with regard to health and disease, including cancer 

[102], as well as to potential confounding factors [129].  

 

In addition to serum, the Vogel laboratory has previously analyzed plasma [69, 70], 

urine [69, 130], liver homogenates [131], synovial fluid [132, 133] and bacterial cells 

[134, 135]. Other less common sample types include cerebrospinal fluid [136], saliva 

[137], fecal water [138], breast milk [139], exhaled breath [140], bacterial media 
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[141] as well as tissue samples [142], such as tumor biopsies [143]. As such samples 

are beyond the scope of this thesis, only the analysis of serum will be discussed in 

more detail.  

 

Sample	  Collection,	  Handling	  and	  Storage	  

As briefly mentioned, blood serum is obtained by first allowing the whole blood to 

clot and then removing the supernatant of the centrifuged sample while blood plasma 

contains clotting factors such as fibrogens. Both blood serum and plasma contain 

other proteins as well as larger lipids, which need to removed or otherwise handled in 

order the study the metabolome. This can be achieved by filtering the samples, by 

precipitation methods or alternatively by selecting for specific pulse sequences (e.g., 

the Carr-Purcell-Meiboom-Gill sequence) during the NMR acquisition [144]. 

 

The reliability of serum metabolomics methods is dependent on the influence of 

sample handling and storage. For this reason, the samples should be kept in a state as 

close to the native sample as possible. For example, Bernini et al. evaluated the 

impact of sample processing and storage on fasting serum metabolite concentrations 

as functions of time and temperature [11]. It was concluded that the blood should be 

centrifuged and either analyzed or stored at -80 °C immediately after the blood has 

been allowed to clot (30 min). A prolonged wait (4-24 hours) in both 4 °C and 25 °C 

led to reduced glucose levels and higher pyruvate levels as a consequence of red 

blood cell metabolism [11]. 

 

The impact of serum sample storage at different temperatures for 12, 24 and 36 hours 

as well as the effect of repeated freeze-thaw cycles have also been studied [145]. The 
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temperature had a significant effect on 24 out of the 127 fasting serum metabolites, 

including glycerophospholipids such as lysophosphatidylcholine and 

diacylphosphatidylcholine species as well as amino acids such as leucine/isoleucine, 

arginine, serine, glycine, phenylalanine and ornithine. The combination of room 

temperature and prolonged time, led to a more pronounced effect on all metabolites 

except leucine/isoleucine. Similar findings have been reported by others, showing 

metabolites to change while on ice pack or in room temperature for 24 hours [121]. 

Plasma concentrations have moreover shown to dramatically change after 4 hours at 

room temperature and after 36 hours at 4 °C [146, 147]. No difference was seen for 

serum stored at 4 °C for 24 hours [148]. Amino acids have been shown to be the most 

sensitive to storage, whereas sphingolipids and glycerophospholipids were the most 

stable group of metabolites [121]. Indeed, only up to 4% of measured serum lipids 

have been reported to be altered after one week of storage at 4 °C, -20 °C or -40 °C 

[149]. Lastly, limited effects have been seen for storing samples on wet ice compared 

to dry ice [145], with increasing freeze-thaw cycles [121, 145, 149], and for long-term 

storage at -80 °C compared to fresh blood samples [146]. 

 

Taken together, it is evident that some of the most commonly reported metabolites in 

metabolomics studies can be influenced by sample handling and storage. This 

highlights the importance of consistency of sample handling. While there have been 

efforts to identify metabolite ratios or other markers of degradation for serum samples 

[145], there is currently no established marker for serum sample quality for 

metabolomics studies.  
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Analytical Methodology for Serum Metabolomics 

NMR	  

The basis of NMR lies in the behavior of certain atomic nuclei in a static magnetic 

field. In brief, some nuclei such as 1H, 13C, 15N and 31P have a property called nuclear 

spin, describing its rotation around its own axis and the creation of a magnetic dipole 

moment. If placed in a static magnetic field, such as that of the NMR magnet, the spin 

can either be aligned and parallel or anti-parallel to the direction of the outer magnetic 

field associating with a lower and higher energy state, respectively. It is the difference 

between the populations of nuclei at the higher and lower energy states that are 

detected. This ratio, and thus the sensitivity of these measurements, depends on 

factors such as temperature and the strength of the magnetic field as well as an 

inherent constant for each type of nucleus (i.e., the Boltzmann constant). 

 

A spectrum is measured by first providing enough energy to move nuclei from the 

lower energy level to the higher state. This is achieved by placing a sample in a 

sample tube, which is lowered down into the bore of the magnet and placed in line 

with the radio frequency coils. Next, a short high power radio frequency pulse is sent, 

which ultimately makes the spins rotate at an angle in respect to the direction of the 

magnetic field of the NMR spectrometer. When the majority of the spins rotate at this 

angle it creates a detectable signal, a voltage induction known as the free induction 

decay, which is registered by the receiver coil of the NMR spectrometer. The time-

dependent signal can then be converted to a frequency-dependent spectrum using 

Fourier transformation. Only one type of nucleus (e.g., 1H) is usually observed at any 

given time, as each nucleus requires a specific wavelength of the radio frequency 

pulse. 
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A spectrum shows peaks at different positions along the x-axis. The position depends 

on the chemical environment of a nucleus whereas the number of peaks at each 

position depends on the interaction between nearby spins [4]. For example, protons 

next to an oxygen atom in an alcohol group, the chemically equivalent hydrogen 

atoms in a methane group, or hydrogens part of an aromatic molecule will have three 

different positions in the proton NMR (1H NMR) spectrum. Together with the number 

of peaks (singlet, duplet, triplet or multiplet) at each position, every metabolite will 

generate a unique profile that can be matched against a library, known as quantitative 

profiling [150]. The concentration of each metabolite is represented by the area under 

the peak(s). Alternatively, spectral binning can be used to select the regions of the 

spectra that are of interest, prior to assigning the metabolite identities [151]. However, 

spectral binning does not take into account that many metabolites have multiple peaks 

at different chemical shifts and does not separate metabolites at overlapping regions. 

For these reasons, significant differences in metabolite concentrations may be missed.  

 

Since a sample is never in direct contact with the instrumentation, there is no need for 

derivatization methods, no risk of carry-over effects or contamination during the 

analysis and the samples can be re-analyzed. Moreover, NMR generates highly 

reproducible spectra. Native samples can be analyzed directly, although a sample 

buffer containing an internal chemical shift reference (e.g., DSS), D2O and an 

antibacterial azide solution commonly are used in order to achieve a stabile pH 

around 7.0, to stabilize the frequency detection and to eliminate bacterial and fungal 

growth and metabolism in the sample, respectively. The limitations of NMR include 

the lower sensitivity, detecting only the most abundant metabolites, which are present 
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at µM concentrations. Moreover, quantitative profiling is a time consuming manual 

process.  

Protons and Other Isotopes Commonly Used for NMR spectroscopy 

As mentioned, the proton has a nuclear spin and can thus be detected with NMR 

spectroscopy. This is important since hydrogen is abundant in organic molecules 

together with carbon, nitrogen and oxygen. The proton is the most naturally abundant 

form of hydrogen, whereas deuterium and tritium (2H and 3H) together represent 

0.1%. This high natural abundance in combination with the inherent high sensitivity 

of the proton (i.e., the gyromagnetic ratio) makes it one of the best-suited nuclei to 

study the metabolome of biological specimens. Similar properties are seen for 

phosphorus, which consists of the active nucleus 31P (100% abundance). In contrast, 

the active nuclei of carbon and nitrogen, 13C and 15N only make for 1.1% and 0.35% 

of the total abundance, respectively, whereas their most abundant isotopes (12C and 

14N) are not suitable for high resolution NMR spectroscopy. Thus, when one wants to 

study these nuclei, isotopic enrichment is necessary. An advantage of these nuclei is 

however, that labeled metabolites, specifically 13C-enriched metabolites, can be used 

as tracers to follow their flow through metabolic pathways. Such an approach can also 

be used in mass spectrometry (see below).  Of note, oxygen has one NMR active 

isotope, 17O, however it has very low natural abundance (0.038%) and generate broad 

signals and is thus less suited for NMR. 

 

Mass	  Spectrometry	  

Mass spectrometry is a methodology that separates and detects charged molecules 

based on their respective mass-to-charge ratio (m/z). The first step of the analysis is to 

ionize the metabolites, which can be achieved by methods such as chemical or 
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electron ionization. This results in ion fragments that next can enter the mass 

analyzer, which separates ions according to mass through the use of magnetic or 

electronic fields, or alternatively based on other physical characteristics. For example, 

time of flight (TOF) mass spectrometry separates ions based on velocity by 

accelerating ions through vacuum, with the smallest ions reaching the detector first. In 

contrast, a quadrupole mass analyzer selects for a predefined set of ions, by specifying 

the voltages of the four rods that create the oscillating electric field, only allowing for 

ions of a defined m/z ratio to be analyzed. Detection of the ions is based on the small 

current that develops as ions reach the detector. Next, the signal is amplified and 

submitted to a computer where the signal is converted into a mass spectrum. The mass 

spectrum can then be compared to spectral libraries for metabolite identification 

[152]. 

 

In a complex mixture or biofluid it is likely that multiple ions have comparable mass-

to-charge ratio. In order to minimize such peak overlap, mass spectrometry is 

frequently coupled together with other methods, such as gas chromatography or liquid 

chromatography, which when combined leads to better resolution and more accurate 

identifications. Mass spectrometry coupled with chromatography methods is highly 

sensitive, detecting metabolites at nM or pM concentrations. Other advantages are the 

small sample volume required for analysis ranging from approximately 10-50 µl as 

well as the lower costs, smaller size of the instrument and the less complicated 

maintenance compared to NMR. However, despite progress in the construction of 

GC-MS and LC-MS metabolite libraries, untargeted approaches generate a large 

number of unknown metabolites. Although there are strategies for prioritizing and 

identifying unknown metabolites, this quest is often time-consuming and not always 
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successful [152]. Yet when successful such research may lead to the discovery of 

novel metabolites and pathway, which is not possible with targeted approaches [153]. 

Instead targeted approaches are generally characterized by reliable quantifications 

[153]. Thus, the choice of using targeted and/or untargeted approaches is largely 

dependent on study aim. 

Gas Chromatography-Mass Spectrometry (GC-MS) 

Gas chromatography separates compounds of a vaporized sample based on the 

differences in affinity to the stationary phase. Compounds with low and high affinity 

to the stationary phase will elute earliest and latest, respectively. This creates a 

continuous range of elution times, or retention times, which can be used for 

identification together with the spectral information. The column is commonly coated 

with thermally stable polymers such as polysiloxates or polyethylene glycols, whereas 

the mobile phase is a carrier gas such as helium or nitrogen. For GC-MS purposes a 

column with low bleed (continuous elution of column-derived compounds) is 

preferable to reduce the detection of column breakdown products in the mass 

spectrum. The Agilent J&W DB-5ms and DB-23 columns used in the Vogel lab 

contains a phenyl arylene polymer, which is tolerant to high temperatures and can 

separate between closely eluting isomers [154].  

 

Because of the use of a gas as the mobile phase, and the use of heat to vaporize 

samples, only metabolites that can be made volatile and that are heat stable can be 

analyzed. Thus many polar metabolites and fatty acids but not larger lipids can be 

analyzed. Moreover, this requires extraction and derivatization procedures, including 

the use of silylation or methylizing agents, which can increase the variability in 

metabolite recovery between samples [155].  
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Liquid Chromatography-Mass Spectrometry (LC-MS) 

Liquid chromatography can detect a wide range of compounds, including larger 

metabolites such as sphingolipids and phospholipids. The mobile phase is constituted 

of a carrier liquid, commonly water and methanol or acetonitrile in reverse-phase 

chromatography or a nonpolar solvent for normal phase chromatography, put under 

high pressure. Thus metabolites do not need to be volatile. The use of hydrophilic 

interaction liquid chromatography (HILIC), can furthermore offer better retention of 

hydrophilic metabolites and is well suited for high sensitivity LC-MS. Because of the 

high sensitivity and the ability to detect a broader range of molecules of different 

molecular weight, untargeted LC-MS detects the highest number of metabolites. 

Moreover, the sample preparation is less extensive compared to GC-MS, but LC-MS 

is more expensive and more susceptible to ion suppression [156]. This last effect 

makes it more difficult to do quantitative work, and one needs to employ isotope 

labeled standards to overcome this issue, which can be expensive.   

Capillary Electrophoresis-Mass Spectrometry (CE-MS) 

CE-MS can similarly to LC-MS be used for polar nonvolatile metabolites and does 

not require derivatization methods prior to analysis. Native urine can be used as well 

as serum after protein removal procedures (e.g., ultrafiltration, protein precipitation). 

The basis of the separation is the compounds electrophoretic mobility, with a high 

charge:size ratio correlating to a high mobility and thus an early elution time. 

Metabolites travel through a capillary containing a separation buffer, commonly either 

acetate or formate with or without methanol or acetonitrile, under the presence of an 

electrical current [157]. In the past, CE-MS has been challenged with poor sensitivity 

and reproducibility. However, novel improvements including coupling the capillary 
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directly to the ion source and the use of multi segment injection strategies have 

improved on the sensitivity as well as sample throughput [158]. 

Flow Injection Analysis-Mass Spectrometry (FIA-MS) 

In contrast to GC-MS and LC-MS, FIA-MS does not require a column. Instead, 

samples are injected into the mobile phase (e.g., acetonitrile or formic acid solutions) 

and subsequently into the mass spectrometer. The simple set-up requires little 

maintenance, small sample volumes and minimal consumption of reagents and is 

further characterized by a rapid analysis and high throughput and together with mass 

spectrometry a reproducible and sensitive analysis [159]. FIA is commonly coupled to 

tandem mass/spectrometry (FIA-MS/MS), which provides both the mass-to-change 

ratio (m/z) as well as the ion fragmentation patterns, for more reliable metabolite 

identifications. Of note, the p150 assay kit by Biocrates Life Sciences, which was 

used for Chapter 6, uses FIA-MS/MS detecting 163 metabolites including amino 

acids, acylcarnitines, choline species and phospho- and sphingolipids. Quantification 

is based on the use of isotope labeled standards.  

 

Statistical Analysis and Data Handling of Metabolomics 

Data 
As previously described, there are a great variety of factors that influence the serum 

metabolome, which may act as confounders if not adjusted for. In addition, the quality 

of metabolomics data relies on the study design, the statistical measures and the 

presentation of results. These will be discussed below.  
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Data Normalization, Transformation and Reduction and Adjusting for Batch 

Variation  

Prior to the statistical analysis, the data is usually normalized to the total sum, the 

internal standard, the median fold change or alternatively log transformed to ensure 

normal distribution and to account for differences in dilution. Moreover, data 

reduction steps are common, aiming to remove variation caused by factors other than 

the biological variation as well as to only select for the most high quality data [160, 

161]. Such approaches comprise the exclusion of metabolites that are below detection 

or quantification limits, are present only in a limited number of original or quality 

control samples (QC), have similar concentrations to blanks or that have a high 

variability. For mass spectrometry data, the use of QC samples is common. The 

analysis of pooled QC can provide information about the fluctuations in the analysis, 

which then can by adjusted for [162]. Moreover, analyzing both original and QC 

samples using multivariate methods can demonstrate the variation between original 

samples in respect to variation caused by carry-over or other bias. Recently, a 

technique that adjust for the variance caused by batch analysis have been developed, 

as has been described [71]. 

Uni- , Bi- and Multivariate Approaches for Statistical Analysis  

Uni-variate analysis, such as t-test, aims to identify differences between groups (e.g., 

participants with disease compared with controls) in regards to one variable e.g., one 

metabolite, at the time. Statistical significance is determined by the p-value threshold, 

commonly p<0.05. In contrast bi-variate analysis, including Pearson correlation 

analysis, investigates the correlation between two continuous variables, for example 

age and the concentrations of a metabolite. The correlation coefficient represents both 

the strength and the direction of the correlation i.e., inverse or direct correlation. 
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Based on both the correlation coefficient (r) and the number of comparisons (N), one 

can also calculate a p-value. As both uni- and bi-variate analysis are done for one 

variable at the time and repeated for all variables of interest, the probability of finding 

false positive results increase proportionally to the number of comparisons. 

Correcting for multiple testing can be done using false discovery rate [163] and the 

more traditional Bonferroni corrections [164], among others. However, some 

conservative approaches may instead result in a high number of false negatives [164]. 

 

Multivariate approaches simultaneously investigate the variance of a larger number of 

variables based on one or multiple factors (Y-variables). For metabolomics studies, 

such comparisons can be made for different groups (e.g., different intervention 

groups) or for continuous variables, for example increasing adiposity. The metabolites 

that contribute the most to the separation will have a higher variable in projection 

(VIP) value. A cut-off of VIP> 1 is commonly applied when constructing supervised 

models in order to only select the most important metabolites. A multivariate 

approach has the benefit of identifying co-correlations, between variables that 

individually might not be statistically significant with uni-or bi-variate approaches. 

However, results are prone to have large standard error and overestimation of the 

strength of the relationship between variables (known as overfitting) and results can 

sometimes be difficult to interpret [165, 166].  

 

Pathway Discovery and The Study of Metabolic Fluxes 

Metabolomics approaches often result in the discovery of a number of significant 

metabolites that are relevant to the factor under investigation. This information can be 

difficult to connect to biological mechanisms. However, steady state metabolomics 
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studies can seldom establish which metabolic pathway that has contributed to the 

higher or lower levels of a metabolite. For this purpose, flux studies using isotopic 

labeled metabolites are required [167]. Although this can be done in smaller animal 

models or cultured cells, this approach is not always feasible (or economical) in 

patient studies.  

 

Scope of This Thesis 

Serum metabolomics approaches can detect subtle changes in metabolism that may 

play an important role in human health and disease. At the present time however, little 

is known about what constitutes a healthy metabolome and how the natural variance 

in metabolite concentrations, due to common factors such as gender, age and lifestyle 

factors, associates with disease. This thesis aims to provide novel information on 

potential mechanisms linking diet and adiposity to the development of insulin 

resistance and the MetS (Chapters 2-4). In addition, Chapters 5 and 6 shed light on 

factors associated with the high variability in cancer biomarker research and suggest a 

role for the use of metabolomics biomarkers in cancer prognosis and diagnosis. 

Moreover, the relationship between disease parameters and physical activity and 

energy expenditure were studied in terms of the serum metabolome with the aim to 

provide further insight into the potential of exercise in disease amelioration and 

prevention (chapters 4 and 5).  

 

Using animal models, the serum metabolome of obesity was studied in relation to diet 

and the gut microbiome. In brief, rats were fed a HF or chow diet (CH) and were 

provided with water, coffee and/or aspartame-sweetened water. Differences in the 

serum metabolite profile was studied in the context of body weight, glucose and 
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insulin parameters, liver lipid profile and the gut microbial profile. The intake of 

coffee in the presence of HF feeding was associated with improvements in body 

composition and liver TG. Coffee consumption was furthermore associated with a 

decrease in the levels of BCAA and an increase in SCFA in both HF and CH fed rats, 

indicating that coffee had a favorable impact on obesity and metabolism (Chapter 2). 

In contrast, chronic consumption of aspartame resulted in impairments in 

glucoregulation, regardless of body composition and diet (Chapter 3). This was 

associated with pronounced changes in the gut microbiota profile as well as with 

higher levels of propionate, a SCFA that has been shown to stimulate hepatic 

gluconeogenesis. It is thus possible that aspartame influences the bacterial 

composition in a way that favors the production of propionate, which in turn results in 

the production of glucose. This potential mechanistic link could contribute greatly to 

the ongoing discussion on artificial sweeteners and their role in glucoregulation [168]. 

Moreover, the two studies demonstrate the impact of the type of liquid consumed on 

the metabolome as well as on obesity and disease risk, in relation to the overall diet.  

 

In the following chapter (Chapter 4) the serum metabolome of men and women with 

and without MetS risk factors was studied and the correlation between metabolites 

and increasing adiposity measures were evaluated. Obesity and MetS were associated 

with lower levels of the amino acids serine and glycine, which the pathway analysis 

suggested could be a results of serine acting as a precursor for de novo synthesis of 

sphingolipids. This result could by extension lead to the accumulation of sphingolipid 

species in insulin-sensitive tissues, which has been shown to cause insulin resistance 

in animal models [88]. Interestingly, high levels of physical activity and AEE had the 

opposite effect and highly active women with MetS risk factors were shown to have 
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comparable serine concentrations to the less active but healthy women. This is the 

first evidence of the beneficial effects of objectively assessed AEE on metabolite 

levels in men and women challenged with obesity and obesity-related disease.  

 

Lastly, potential biomarkers for the detection of ovarian cancer (OC) and survival in 

head and neck cancer (HNC) patients were evaluated. In HNC patients, the baseline 

serum metabolite profile correlated strongly with 2-year survival, despite matching 

for clinical characteristics as well as for common factors such as age, gender and 

initial body measures (Chapter 5). This suggests that early metabolomics changes 

may provide useful information that is complementary to current clinical factors, 

which eventually can lead to better prognostics as well as a deeper understanding of 

cancer-associated mortality. Similar correlations were moreover found for later time 

points (3, 6, 9 and 12 months past study initiation). However, the metabolite profile 

varied with time, indicating that the serum metabolome was highly influenced by time 

with regards to cancer treatment, changes in body weight and body composition as 

well as symptom management. Such factors may thus underlie the high variability in 

the literature regarding suggested cancer biomarkers. Indeed, little consistency was 

seen for the metabolomics studies evaluating OC patients and healthy controls, 

comparing results from the literature as well as the results from our multi-modal 

evaluation of women from the Ovarian Cancer Alberta study (Chapter 6). Part of the 

variability is likely due to the poor matching of OC patients and healthy controls, as 

few studies matched for age, menopausal status or potential OC risk factors such as 

number of pregnancies, hormone replacement therapy, use of oral contraceptives and 

breastfeeding. Our work was based on well-matched controls and suggested that 
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many metabolites increased or decreased in OC patients also associate with risk 

factors.  

 

Taken together, the work presented in this thesis has generated novel hypotheses of 

how diet and physical activity may contribute or mitigate the pathological 

development of metabolic diseases and suggests that while serum metabolites show 

great potential as biomarkers for cancer patients, future studies should be designed to 

eliminate unwanted variation due to common participant and cancer characteristics.   
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CHAPTER 2: CHRONIC COFFEE CONSUMPTION IN 

THE DIET-INDUCED OBESE RAT: IMPACT ON GUT 

MICROBIOTA AND SERUM METABOLOMICS 

 

Introduction 

Cumulative epidemiological studies indicate a strong inverse relationship between 

coffee consumption, the incidence of type 2 diabetes, the MetS and some cancers 

[169-171].  This holds importance as the majority of North American adults consume 

coffee on a daily basis [172]. Coffee is a complex mixture, containing hundreds of 

biologically active components.  Upon consumption, metabolites from coffee appear 

in the blood in two time phases; 30 min-2 hours and then 8-12 hours after ingestion 

[173]. This indicates that metabolites and polyphenols from coffee are initially 

absorbed in the stomach and the small intestine during the first phase, then further 

fermented by gut microbiota and absorbed in the colon during the second phase [173, 

174]. In the colon, gut microbiota are exposed to numerous coffee-derived 

compounds [175]. The further breakdown of coffee components by gut microbiota 

and the subsequent influence of these metabolites on gut bacterial composition may 

help explain the documented, long-term benefits of its consumption [176].   

 

The gut microbiota encompasses the trillions of bacteria and other microorganisms 

that live in symbiosis with humans in the gastrointestinal tract [177]. These bacteria 

can alter metabolism, immune function and increase fat deposition in the host [177, 

178]. It is estimated that bacteria in the human gut contribute 10-15% of human 
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energy requirements through the fermentation of non-digestible carbohydrates [179]. 

While there are over 50 different phyla in the gut microbiota, Bacteroidetes and 

Firmicutes make up the vast majority of the compositions in humans, rats, and mice 

[175, 180]. Current research suggests that obesity and type 2 diabetes are associated 

with an altered gut microbiota profile or phylotype [178, 181]. Although not all 

reports are consistent, numerous studies have demonstrated that obesity and HF 

feeding are associated with an increased abundance of Firmicutes and lower 

Bacteroidetes when compared to lean individuals [178, 181, 182]. This is relevant, as 

studies have shown the obese phylotype to be more efficient at energy extraction 

compared to the lean phylotype [183]. The gut microbiota is also dependent on diet 

[184]. Of interest to the present study, it has recently been hypothesized that chronic 

coffee consumption may alter the gut microbiota, which in turn, may help explain the 

beneficial effects of chronic coffee consumption on type 2 diabetes risk [185, 186].  

 

Although numerous studies cite the antibacterial effects of coffee on dental caries 

[187-189], few have specifically examined the effects of habitual coffee consumption 

on gut microbial profiles. Furthermore, little is known about the interaction of coffee 

and a HF diet and whether coffee can protect against HF diet-induced aberrations in 

the serum metabolome. We hypothesized that chronic coffee consumption may be 

able to mitigate negative changes on gut microbiota and the serum metabolome 

induced by HF feeding. We also aimed to study changes in the serum metabolome in 

the context of gut microbiota, glucose and insulin tolerance and body composition in 

the diet-induced obese rat.   
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Methods and Materials 

Animal Husbandry  
All experimental procedures were performed under the ethical standards approved by 

the University of Calgary Animal Care and Use Committee and guidelines established 

by the Canadian Council on Animal Care.  Male Sprague-Dawley rats (n= 40), 

(Charles River, Wilmington, MA) were individually housed in a humidity-controlled 

room with 12 hours light/dark cycle.  Animals were randomized into two dietary 

groups: CH (12% kcal fat) or HF (60% kcal fat) (Open Source Diets, Research Diet # 

D12492, New Brunswick). Animals were acclimated to these diets for a period of two 

weeks before assignment to either water or coffee treatment groups. The coffee 

groups received a fluid treatment of instant caffeinated coffee (Nescafe Instant Tasters 

Choice®, Vevey, Switzerland) at a concentration of 20 g/L as per manufacturer’s 

instructions and as previously described [190]. Chemical analysis of the coffee has 

been previously performed by high performance liquid chromatography and the 16 

most prevalent chlorogenic acid and quinines reported [190].  To increase palatability, 

a small amount of zero calorie sweetener was added to the coffee mixture (60 mg/L, 

aspartame). Animals had access to food and fluid ad libitum for an additional 8 weeks 

for a total of a 10 week intervention. This resulted in 4 treatment groups; CH-water 

(CHW), CH-coffee (CHC), HF-water (HFW) and HF-coffee (HFC)(n= 10/treatment). 

At the time of sacrifice, animals were 16 weeks of age.   

 

Weight Gain and Body Composition 
Animals were weighed weekly for 10 weeks. Food and fluid consumption was 

recorded daily during week 7. Under light anesthetic (isoflurane), lean and fat mass 
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was measured prior to sacrifice using dual energy x-ray absorptiometry (DXA) with 

small animal software (Hologic QDR 4500, Hologic, Inc., Bedford, MA) as 

previously described [191].  

 

Oral Glucose and Insulin Tolerance Tests  
Following 8 weeks on the diet, animals were fasted for 8 hours prior to an oral 

glucose tolerance test (OGTT). Briefly, rats were weighed and 100 µL of blood was 

collected via tail clip. Blood glucose was measured using a standard monitor (BD 

BioSciences, Franklin Lakes, NJ).  Following the initial blood glucose measurement, 

rats received an oral glucose load (2 g/kg). Blood samples were taken at 15, 30, 60, 90 

and 120 min and immediately analyzed to determine blood glucose concentration. 

Following a washout period of 1 week, animals were again fasted and the baseline 

collection procedure was repeated for an insulin tolerance test (ITT).  Here, 

Humulin® R insulin (Eli Lilly Canada, Toronto, ON), diluted with saline, was 

injected into the intraperitoneal cavity (0.75 U/kg). Blood samples were again 

obtained and glucose measured at 15, 30, 45, 60, 90 and 120 min. At the end of the 

study, animals were anesthetized using isoflurane, (Abbott Laboratories, Abbott Park, 

IL) and cardiac puncture was performed to collect blood for subsequent analysis as 

described below. Following the cardiac puncture, rats were euthanized via 

overanesthetization and tissue samples flash frozen and stored at -80 °C until further 

analysis. 
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Biochemical Analyses 
Plasma samples, taken at the time of sacrifice, were examined for NEFA, insulin, 

glucose-dependent insulinotropic polypeptide (GIP) and liver TG.  NEFA were 

quantified using HR Series NEFA-HR (2) kit (Wako Chuo-Ku, Osaka, Japan). Insulin 

and GIP were measured using a Milliplex Rat Gut Hormone Panel 96 well plate assay 

(EMD Millipore Corporation, Billerica, MA). For metabolomics analysis, serum was 

obtained and stored at -80 °C prior to analysis as described below. Liver TG were 

determined using Triglyceride (GPO) (Liquid) Reagent Set (Pointe Scientific Inc., 

Canton MI) as per manufacturer’s instructions.  

 

Fecal DNA Extraction and 16S rRNA Gene-Based Real-

Time Quantitative PCR  
Microbial profiling was performed as previously described [192]. Briefly, fresh feces 

were collected and stored at -80 °C until bacterial DNA was extracted. DNA was 

extracted from 250 mg of fecal samples using the FastDNA Spin Kit for Feces (MP 

Biomedicals, LLC, Solon, OH). DNA concentrations were quantified using the 

Nanodrop 2000 (Thermo Fisher Scientific Inc., Asheville, NC), diluted to 4 ng/µL 

and then stored at -20 °C until analyzed. Quantitative-PCR (qPCR) was performed 

using SYBR Green Mastermix (BioRad) and group specific primers listed provided in 

Supplementary Table 1. The specificity of the primers and the limit of detection 

were determined as previously described [193]. Samples and the standards were run 

in duplicates with a total volume of 25 µL/well containing 0.3 µM primer and 20 ng 

template gDNA. A genomic DNA standard was converted into 16S rRNA copy 

number and serially diluted to generate a standard curve.  16S rRNA copy number for 

each genomic standard was determined by converting the genomic standard into 
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genome copies according to the following webpage: 

http://cels.uri.edu/gsc/cndna.html. Genome copy numbers were then adjusted to 16S 

rRNA copy number according to values obtained from the following webpage: 

http://rrndb.mmg.msu.edu/index.php. Threshold cycle values were used to calculate 

the number of 16S rRNA gene copies in each sample. Data is expressed as 16S rRNA 

gene copy number per 20 ng DNA or its transformed, log10 value.  

 

Serum Metabolomics Analysis 
Metabolomics analysis of serum samples was performed by 1H NMR as previously 

described [194]. Samples were coded with sample ID and prepared and analyzed in a 

randomized order. 1H NMR spectra were acquired using a standard pulse program 

(prnoesy1d) on a Bruker Avance 600 spectrometer (600.22 MHz, 297K 5 mm TXI 

Probe). Each sample was then individually processed using Chenomx NMR Suite 7.5 

software (Chenomx Inc., Edmonton, Canada). Quantitative profiling was performed 

using the NMR Suite profiling module, the Chenomx library and the human 

metabolome database (http://www.hmdb.ca). Two-dimensional total correlation 

spectroscopy (TOCSY) and heteronuclear single quantum coherence spectroscopy 

(HSQC) spectra were analyzed on the last sample of the batch for metabolite 

validation. The spectra were profiled in a blinded and randomized order. The 

concentration of each metabolite was normalized to the total sum for each sample.  

 

Statistical Analysis   
SigmaStat version 3.5 (SYSTAT) was used for all parametric statistical analyses. 

Data are expressed as mean ± SE for the non-parametric analysis of each bacterial 

group/species, for the Bacteroidetes and Firmicutes phyla, and for the ratio between 
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Firmicutes and Bacteroidetes. Differences between the diet and fluid intake were 

determined by a two-way-ANOVA, followed by the Student-Newman-Keuls post-hoc 

test where p<0.05 was considered significant. Multivariate statistical analysis was 

employed for the analysis of metabolomics data using SIMCA-P+ software (version 

12.01, Umetrics AB, Umeå, Sweden). Prior to analysis, the normalized NMR data 

was mean centered and scaled with unit variance scaling. The default 7-fold cross 

validation was changed to 5-fold to be compatible with the low number of rats (n= 

10/treatment). Unsupervised principal component analysis (PCA) was conducted to 

identify initial grouping of the data and potential outliers. Outliers, defined as samples 

present outside the 95% confidence interval, were removed when constructing the 

supervised orthogonal partial least squares discriminant analysis (OPLS-DA). A 

variable importance in projection (VIP) cut-off value of 1.0 was applied to the list of 

metabolites in order to create statistical models based on the most significant 

metabolites.  

 

Results 

Animal Characteristics  
Animal characteristics are shown in Table 1 HFW were obese with a 4-fold increase 

in body fat over CHW (p<0.05). Coffee treatment did not alter weight or body fat in 

CH fed animals. However, coffee consumption attenuated both body weight and 

percent body fat in HF.  Regardless of diet, coffee was coupled with decreased energy 

and fluid consumption in both CH and HF groups (p<0.05). HFC displayed elevated 

NEFA levels compared to HFW (p<0.05).  Fasting blood glucose was elevated in all 

coffee treated animals, with the greatest values observed in HFC (p<0.05). In contrast, 
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non-fasting plasma insulin levels were reduced by >60% in both CHC and HFC 

groups (p<0.05).  No differences in GIP levels were observed. Examination of liver 

TG content showed coffee consumption to have a protective effect in the context of a 

HF diet, with a 50% reduction in liver TG in HFC compared to HFW (p<0.05). 

 
 

 CH HF 

 Water Coffee Water Coffee 

     

Final weight (g) 488 ± 6 441 ± 23 641 ± 17* 435 ± 22† 

Body Fat (%) 7 ± 2 8 ±1 29 ± 2* 16 ± 1*† 

Food consumption (kcal/day) 132 ± 2 107 ± 10† 152 ± 9* 109 ± 7† 

Fluid consumption (ml/day) 45 ± 0.5 32 ± 2.0† 27 ± 1.3* 20 ± 0.9*† 

NEFA (mM) 0.24 ± 0.03 0.27 ± 0.04 0.35 ± 0.05 0.40 ± 0.05*† 

Fasting blood glucose (mM)  5.4 ± 0.2 7.70 ± 0.3† 5.6 ± 0.2 9.6 ± 0.7*† 

Insulin (pg/ml) 960 ± 80 351 ± 48† 1 147 ± 179 464 ± 78† 

GIP (pg/ml) 74.2 ± 17.9 43.0 ± 6.9 51.6 ± 9.5 66.4 ± 18.6 

Liver TG (mM) 17.7 ±1.6 13.8 ± 1.8 47.1 ± 5.9* 25.14 ± 3.2† 

Table 1. Final weight, body composition and biochemical analysis of the animals 

(n= 10/group). NEFA, liver TG and insulin were measured from serum samples 

taken at sacrifice. Food and fluid consumption were recorded each day during week 

7, reported values represent a per day average. All data is represented as mean ± SE. 

*p<0.05 for CH vs. HF within the water and coffee fluid treatment. †p<0.05 for water 

vs. coffee within CH and HF diets. 

 

Oral Glucose and Insulin Tolerance 
OGTT and ITT tests were administered on week 8 and 9 of the diet, respectively. For 

the OGTT, there was significant main effect of diet for glucose AUC wherein HF was 
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higher than CH (p<0.05). When comparing CHW and CHC glucose tolerance, there 

were differences at baseline and 60 min (p<0.05) (Figure 1A), but the total area under 

the curve (AUC) was comparable between the two groups (Figure 1B). Differences 

were also noted within coffee treatment with CHC and HFC differing at 0, 30 and 120 

min respectively (p<0.05). For ITT, both coffee groups started with elevated blood 

glucose levels that persisted throughout the test (p<0.05) (Figure 1C). Main effects 

for diet, fluid and the interaction of diet x fluid were observed (p<0.05). Total AUC 

for coffee treatments in CHC and HFC were greater compared to CHW and HFW 

(p<0.05) (Figure 1D). 

 

Figure 1. Measures of glucose tolerance and insulin sensitivity in male Sprague-

Dawley rats fed a CH or HF diet in combination with either water or coffee 

treatment. A. blood glucose during an oral glucose tolerance test B. AUC for the oral 

glucose tolerance test.  C. blood glucose during an ITT.  D. AUC for glucose during 
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the insulin tolerance test. Values represent means ± SE, n=9-10 animals per treatment.  

Statistics indicate main effects for diet, fluid and the diet x fluid interaction and are 

shown above graphs B and D.  Differences at individual time points are indicated as 

follows: *p <0.05 for CH vs. HF within fluid treatments, †p <0.05 for water vs. coffee 

within CH or HF diets. 

Gut Microbiota Analysis 
Gut microbiota profiles are shown in Table 2 and are expressed as log10 values. 

Enterobacteriaceae and Clostridium leptum were significantly influenced by coffee 

with an increase in both CH and HF occurring with coffee versus water consumption. 

There was a significant effect of diet on numerous gut microbiota with HF diet 

reducing the abundance of Bacteroides/Prevotella and increasing Firmicutes, the 

Firmicutes and Bacteriodetes ratio, Bifidobacterium spp., Enterobacteriaceae and 

Clostridium leptum. 
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 CH HF 2-Way ANOVA P Values 

 

Bacteria 

 

Water 

 

Coffee 

 

Water 

 

Coffee 

 

Diet 

 

Fluid 

 

Diet x Fluid 

Total bacteria 
7.91 ± 

0.056 

7.80 ± 

0.049 

7.99 ±  

0.13 

7.94 ± 

0.068 
0.151 0.220 0.592 

Bacteroides/ 

Prevotella spp. 

7.47 ± 

0.092 

7.16 ± 

0.049† 

6.46 ± 

0.076* 

6.52 ± 

0.091* 
<0.001 0.123 0.106 

Bifidobacterium 

spp. 

5.51 ±  

0.20 

5.33 ± 

0.17 

6.57 ± 

0.31* 

6.11 ±  

0.29 
0.016 0.152 0.190 

Enterobacteriaceae 
4.08 ± 

0.084 

4.42 ± 

0.15 

4.56 ±  

0.11 

5.01 ± 

0.13*† 
0.002 0.011 0.091 

Firmicutes 
7.69 ± 

0.078 

7.68 ± 

0.068 

7.94 ± 

0.14* 

7.92 ± 

0.069 
0.038 0.447 0.376 

Lactobacillus spp. 
7.32 ± 

0.072 

7.09 ± 

0.056 

7.45 ±  

0.19 

7.42 ±  

0.17 
0.318 0.624 0.760 

Clostridium leptum 
6.51 ± 

0.042 

7.27 ± 

0.077† 

6.93 ± 

0.10* 

7.33 ± 

0.036† 
0.021 <0.001 0.495 

Clostridium 

coccoides 

6.69 ± 

0.065 

6.71 ± 

0.087 

6.68 ± 

0.048 

6.78 ± 

0.041 
0.635 0.376 0.491 

Clostridium group  

(Cluster I) 

5.64 ± 

0.087 

4.81 ± 

0.13 

6.12 ±  

0.19 

5.52 ±  

0.21 
0.138 0.083 0.420 

Clostridium group  

(Cluster XI) 

7.02 ±  

0.13 

6.37 ± 

0.19 

7.96 ± 

0.19* 

7.38 ± 

0.16† 
0.018 0.077 0.162 

Roseburia spp. 
6.88 ±  

0.16 

7.10 ± 

0.28 

6.42 ±  

0.13 

7.02 ±  

0.28 
0.292 0.065 0.674 

Table 2. Final gut microbiota composition of fresh fecal samples collected at 

week 10 of the diet and fluid treatments. Data represent mean log10 16S rRNA gene 

copies/20 ng total genomic DNA. All data is represented as the mean ± SE (n= 6-
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10/group). *p<0.05 for CH vs. HF within the water and coffee fluid treatment. 

†p<0.05 for water vs. coffee with CH and HF diets.  

Analysis of microbiota within individual diet and fluid treatments showed some 

distinct differences between groups. HF feeding alone (CHW vs. HFW) resulted in 

increased Clostridium cluster XI as well as an increased Firmicutes and Bacteriodetes 

ratio compared to CHW (expressed as 16S rRNA gene copies (106/20 ng 

DNA)(p<0.05)(Figure 2).  

 

 

Figure 2. Proportions of fecal Firmicutes and Bacteroidetes following diet (CH 

or HF) and fluid (water or coffee) treatments. Data represents absolute number of 

16S rRNA gene copies (106/20 ng DNA) and represents means ± SE. *p<0.05 for the 

Firmicutes and Bacteriodetes ratio. 
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Within CH fed animals, coffee administration resulted in changes in only two species, 

Clostridium leptum, which were increased, and Bacteroides/Prevotella, which were 

decreased, compared to CHW (p<0.05).  Within HF, there were differences in the 

abundance of Enterobacteriaceae, Clostridium leptum, Clostridium cluster XI and 

preservation of the lower Firmicutes and Bacteriodetes ratio with coffee treatment. A 

schematic overview of relative gut microbiota changes within the Firmicutes phyla for 

both coffee and HF feeding is shown in Figure 3.  

 

 

Figure 3. Relative bacterial composition within the Firmicutes phylum following 

diet (Chow or High Fat) and fluid (Water or Coffee) treatments. CHC, chow-

water; CHC, chow coffee; HFW, high fat water; HFC, high fat coffee. All measured 

Firmicutes data is displayed on a relative scale (100% total) based on 16S rRNA gene 

copies (106/20ng DNA). 
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Serum Metabolomics Analysis  
Multivariate statistical analysis was applied to detect specific patterns in the 

metabolite profiles arising from diet and fluid treatments. The primary separations of 

interest in the present study were those occurring with coffee as those due to diet have 

been previously described by our laboratory [195, 196]. Briefly, examination of diet 

(CH vs. HF) showed a separation between CHW and HFW as well as CHC and HFC 

(Figure 4). Distinctions between diets were partly due to differences in the amino 

acid profile and levels of ketone bodies (i.e., acetoacetate, 3-hydroxybutyrate and 

acetone), alcohols (i.e., methanol and myo-inositol) and SCFA(i.e., butyrate and 

acetate). Methionine and ornithine were elevated in both CH groups, whereas HF rats 

had elevated levels of glutamine and glucose (VIP>1).  
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Figure 4. The serum metabolite profiles of water and coffee consuming rats in 

regard to the CH and HF diets. Score scatter plots showing the (vertical) separation 

for  A. HFW (open square) versus CHW (black square)(R2 = 0.71 and Q2 =0.48) and 

C. HFC (open circle) versus CHC (black dot) (R2 =0.95 and Q2 0.90). The most 

influential serum metabolites (VIP>1) that contributed to the separation between B. 

CHW and HFW and D. CHC and HFC are displayed in the respective loadings plots. 

n= 10 samples/treatment, SD: standard deviation. 

The response of serum metabolites to coffee treatment in comparison to their 

respective water controls is shown in Table 3.  Coffee treatment resulted in a more 

favorable metabolite profile regardless of diet. This was evidenced by increases in 

metabolites indicative of carbohydrate and fatty acid metabolism including citrate, 

carnitine, pyruvate and glycerol.  In addition, coffee reduced levels of the BCAA 

leucine and valine in both CH and HF.  Isoleucine was reduced in HFC but not CHC.  

Examination of the SCFA with coffee treatment showed elevations in formate, acetate 

and propionate. Butyrate was increased in CHC but not HFC.  
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Metabolite CHC HFC 

2-Hydroxybutyrate 

  2-Hydroxyisobutyrate† 

  3-Hydroxybutyrate** 

  Acetate†† 

  Acetoacetate* 

  Acetone 

  Alanine 

  Arginine 

  Asparagine 

  Betaine 

  Butyrate 

  Carnitine 

  Choline 

  Citrate* 

  Creatine† 

  Creatine phosphate* 

  Creatinine 

  Dimethyl sulfone† 

  Ethanol 

  Formate 

  Glucose 

  Glutamate 

  Glutamine 

  Glycerol†† 

  Glycine*† 

   

 

 

Table cont´d. 

Histamine 

  Histidine 

  Isobutyrate 

  Isoleucine 

  Isopropanol 

  Lactate 

  Leucine 

  Lysine*** 

  Methanol* 

  Methionine 

  Myo-inositol†† 

  N-Isovaleroylglycine 

  O-Acetylcarnitine 

  O-Phosphocholine 

  Ornithine 

  Phenylalanine 

  Proline† 

  Propionate***†† 

  Propylene glycol 

  Pyruvate 

  Serine** 

  Taurine 

  Threonine 

  Tyrosine 

  Urea† 

  Valine 
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Table 3. List of all detected metabolites and their respective increase (green) or 

decrease (red) in CHC and HFC rats relative to CHW and HFW, respectively, 

based on multivariate statistical analysis (n= 10/treatment). SCFA are indicated in 

light grey. Significance based on t-test is indicated; *p-value <0.05 ** p-value <0.01 *** 

p-values <0.001 for CHC vs CHW. † p-value <0.05 †† p-value <0.01 for HFC vs HFW.  

Discussion  

The objectives of the present chapter were to determine if chronic coffee consumption 

was associated with altered gut microbiota and serum metabolite profile in control and 

HF fed rats.  The major findings are: (1) coffee consumption in a HF fed state was 

coupled with decreased body weight, adiposity, liver TG and energy intake; (2) coffee 

was associated with impaired insulin sensitivity, despite lower levels of circulating 

insulin; (3) coffee treatment in the HF rats attenuated the increase in the Firmicutes and 

Bacteriodetes ratio and Clostridium group (Cluster XI) associated with a HF diet, but also 

resulted in augmented levels of Enterobacteriaceae; (4) both coffee consumption and diet 

had a strong impact on the serum metabolome, with coffee consumption resulting in 

increases in large aromatic amino acids as well as the SCFA including acetate, formate 

and propionate.  

 

As expected, HFW had elevated body weight as well as metabolic impairments including 

hyperinsulinemia and elevated liver TG. When compared to HFW, we show that coffee 

reduced some, but not all of these detrimental effects. Coffee treatment resulted in a 

lower energy intake, decreased body mass and body fat, reduced liver TG, as well as 

lower levels of obesity-related serum metabolites when compared to HFW. This is in 
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agreement with previous studies, which have demonstrated that coffee, as well as coffee 

derived constituents, are associated with a more favorable body composition and 

metabolic improvements in a HF diet-induced obese model [197-199]. However, coffee 

consumption was associated with poorer insulin response in both CHC and HFC as 

shown by our ITT measurements. Both CHC and HFC groups had elevated fasting 

glucose levels and failed to sufficiently respond to insulin stimulation during the test. 

These results could suggest peripheral insulin resistance at the level of skeletal muscle, a 

finding consistent with Graham and colleagues [200, 201] who show caffeine 

consumption to impair glucose tolerance in humans by 20-30% in a dose dependent 

manner. Indeed, previous studies have shown caffeine to antagonize some of the 

beneficial compounds in coffee on glucose regulation [176, 190]. Caffeinated coffee was 

employed as it is consumed by the vast majority of the population (as opposed to 

decaffeinated coffee).  However, future studies need to examine coffee independently of 

caffeine as well as specific coffee-derived compounds and other potential mechanisms 

related to the lower serum insulin concentrations. Moreover, the impact of coffee, 

independent of the reduced food intake, could not be evaluated in this study. 

 

At present, the specific mechanisms by which chronic coffee consumption reduces the 

risk of type 2 diabetes, the MetS and some cancers are unknown. The presence of 

bioactive compounds and the high concentration of antioxidants, including polyphenols 

in coffee are often acknowledged in the literature [202, 203]. To date, few studies have 

examined the effects of chronic coffee consumption on the gut microbiota. Gut 

microbiota is increasingly recognized as a contributor to disturbances in energy 
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metabolism, with an obese phylotype suggested to be more efficient at extracting energy 

from food compared to the lean phenotype [183].  Turnbaugh et al. [183] showed that 

when germ free mice were colonized with bacteria from obese donors, they gained more 

weight than germ free mice colonized with bacteria from a lean donor. Some but not all 

studies suggest that phylum level changes in the obese gut generally include an elevated 

Firmicutes and Bacteriodetes ratio [181]. In agreement, HFW exhibited an elevated ratio 

of Firmicutes and Bacteriodetes ratio compared to all other groups. The lower Firmicutes 

and Bacteriodetes ratio in HFC, suggests that coffee consumption might have a protective 

effect against the impact of HF feeding on this gut microbiota. These findings may, in 

part, explain the more favorable body composition observed in HFC compared to HFW. 

However, there is still controversy over whether diet or host metabolic status is the 

predominant determinant for gut microbiota composition [182, 204]. Ley et al. [182] 

found altered gut microbiota in genetically obese mice despite consuming the same diet, 

indicating obesity itself drives changes in gut microbiota. In contrast, Hildebrant et al. 

[204] observed changes in gut microbiota with a HF diet regardless of whether the mice 

were lean or obese. Given this, it is likely that both diet and obesity influence the gut 

microbiota composition explaining the altered profiles observed between HF and CH 

animals.  

 

Coffee consumption also resulted in differences of other predominant colonic bacteria. Of 

note, coffee consumption was accompanied by decreased abundance of Clostridium 

Cluster XI in HF a class of bacteria known to be elevated with obesity [205].  This phyla 

encompasses the opportunistic pathogen Clostridium difficile.  Reductions in Clostridium 
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genera have also been observed in humans with 20 days of red wine consumption, 

another high polyphenol containing beverage [206].  This and other gram-positive 

bacteria are known to be more sensitive to the effects of polyphenols when compared to 

gram-negative bacteria due to differences in membrane structure [207]. An elegant 

review by Cardona et al. [208] highlights the two-way relationship between polyphenols 

and gut microbiota and argues that gut microbiota are largely responsible for the 

observed health benefits of polyphenol consumption.  

 

However, not all effects of coffee on gut microbiota were positive. Coffee consumption 

increased levels of the gram-negative, lipopolysaccharide containing Enterobacteriaceae. 

Elevations in enterobacteria, with coffee consumption may reflect the ability of 

polyphenols to preferentially affect gram-positive bacteria [207].  Recent work shows 

enterobacteria to be increased in obese children, with significantly greater amounts in 

those considered excessively obese [209]. Although highly speculative, there may be a 

relationship between the elevated enterobacteria and insulin resistance observed in the 

present study.  Such a link would have to be further investigated in future studies.  

  

To further examine interactions between diet and coffee consumption in the present 

study, serum metabolomics analysis was performed. HF feeding, diet-induced obesity 

and type 2 diabetes are strongly reflected in the serum metabolome in both animals and 

humans [210]. Of note, metabolomics has been used to predict the development of type 2 

diabetes 12 years in advance of onset in an adult population [211]. Multivariate analysis 

showed BCAA and aromatic amino acids to drive this association. Our results show 
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coffee treatment to decrease circulating levels of the BCAA leucine and valine, a finding 

that supports previous work showing these metabolites to be indicative of an insulin 

resistant state in the obese [210]. Changes in the aromatic amino acids included increases 

in phenylalanine and tyrosine, yet decreases in histidine. These changes persisted in both 

CH and HF groups with coffee consumption.  In addition, SCFA were largely increased 

in the coffee fed rats, when compared to controls.  Indeed, previous research shows 

coffee specific polyphenols including caffeic and chlorogenic acid to stimulate SCFA 

production in a culture model of human intestinal microbiota [212]. Although the present 

data is correlative, it is plausible that increases in SCFA may have mediated some of the 

beneficial effects of coffee consumption on liver TG and body composition.  

 

Conclusion  
Novel findings from this study are that coffee consumption blunted the typical increase in 

the Firmicutes and Bacteriodetes ratio and Clostridium Cluster XI typically observed 

with HF feeding. Improved metabolic health and changes in gut microbiota with coffee 

consumption were also evident in the serum metabolome with altered concentrations of 

BCAA, aromatic amino acids and SCFA. While coffee consumption had numerous 

protective effects against a HF diet, the diet was still detrimental to the metabolic health 

of the rats causing elevated liver TG, insulin resistance and adiposity. In summary, this 

study has provided preliminary insight into the interactions between coffee, a HF diet and 

how this combination affects metabolic health, gut microbiota and the serum 

metabolome. 
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CHAPTER 3: LOW-DOSE ASPARTAME CONSUMPTION 

DIFFERENTIALLY AFFECTS GUT MICROBIOTA-HOST 

METABOLIC INTERACTIONS IN THE DIET-INDUCED 

OBESE RAT 

 

Introduction 

Regular consumption of artificially sweetened soft drinks is associated with disorders of 

the MetS, including abdominal obesity, insulin resistance and/or impaired glucose 

tolerance, dyslipidemia and high blood pressure [213-215]. In particular, daily diet soda 

consumption (primarily sweetened with N-a-L-aspartyl-L-phenylalanine methyl ester, 

aspartame), is reported to increase the relative risk of type 2 diabetes and the MetS by 

67% and 36% respectively after correcting for energy intake, physical activity, age, 

gender and ethnicity [215]. Given this data, and the presence of aspartame in over 6000 

food products, there is a need to understand the potential role of aspartame sweetened 

products in the development and maintenance of metabolic disease [216].  

 

Emerging evidence on the gut microbiome suggests that metabolic diseases, such as type 

2 diabetes, are associated with an altered gut microbiota profile [181, 182]. The gut 

microbiome plays an important role in metabolism and caloric extraction from dietary 

sources. It is highly complex and one of the most diverse ecosystems, with over 50 phyla 

identified [178, 180]. Alterations in the proportions of the two phyla that make up ~90% 



 

 61 

of the human gut microbiome, Firmicutes and Bacteroidetes, have been linked to obesity, 

type 2 diabetes and systemic inflammation [180, 217, 218]. The majority of studies 

reported increases in the abundance of Firmicutes and reductions in Bacteroidetes 

compared to lean individuals [178, 181, 182, 219]. Compositional and functional changes 

in the microbiome are also manifested as alterations of metabolite concentrations in the 

blood. Microbial metabolites appearing in serum consist of metabolic intermediates, 

organic acids and bacterial fermentation end products including the SCFA [71, 220, 221]. 

 

Aims of the present chapter were to examine the interaction of chronic low-dose 

aspartame on anthropometric, metabolic, metabolomic and gut microbiota profiles. As 

observational data in humans cannot show causality, we examined an animal model 

where the direct effects of aspartame on metabolism could be established. Specifically, 

we investigated the impact of low-dose aspartame (5-7 mg/kg/d, equivalent to consuming 

2-3 cans of diet soda per day for the average US male and female (~89 kg and 76 kg 

respectively) [71], a dose well below the upper daily-recommended intake of 40-50 

mg/kg/d [216] in the diet-induced obese, Sprague-Dawley rat. We hypothesized that if 

aspartame alters the gut microbiota, and in turn the serum metabolome, that such changes 

would appear in this well-characterized model. This could thus further provide insight 

into the relationship between this artificial sweetener and the development of metabolic 

disease.  
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Methods and Materials 

Animal Husbandry 
Experimental procedures were performed under the ethical standards approved by the 

University of Calgary Animal Care and Use Committee (AC11-0016) as well as 

guidelines established by the Canadian Council on Animal Care. Male Sprague-Dawley 

rats (n= 44, Charles River, Wilmington, MA) were housed individually in a 12 hour 

light/dark cycle. Animals were randomized into two dietary groups; (CH 12% kcal fat) 

(Lab Diet 5001, St. Louis, MO) or HF (60% kcal fat) (Open Source Diets, Research Diet 

# D12492, New Brunswick) for two weeks and then randomly assigned fluid treatment 

(i.e., water or aspartame). Aspartame was directly added to drinking water (60 mg/L, 

Merisant Company, Chicago, IL). All animals, had access to food and fluid ad libitum for 

an additional 8 weeks prior to sacrifice. This resulted in four treatment groups (n= 10-12 

per treatment); CH-water (CHW), HF-water (HFW), CH-aspartame (CHA) and HF-

aspartame (HFA). Data from CHW and HFW were part of a shared control group that has 

been previously published [222].  

 

Weight Gain and Body Composition 
Animals were weighed weekly for 10 weeks. Food and fluid intake was measured during 

week 7 of the diet. Dual energy x-ray absorptiometry with small animal software 

(Hologic QDR 4500, Hologic, Inc., Bedford, MA) was used to determine lean mass and 

fat mass as well as bone mineral density during week 10, prior to sacrifice, as previously 

described [191]. On the day of sacrifice, animals were anesthetized with isoflurane (2-
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chloro-2-(difluoromethoxy)-1,1,1-trifluoro-ethane)(Sigma Aldrich, Oakville, ON, 

Canada). Following anesthesia, blood samples were rapidly collected on anesthetized 

animals by cardiac puncture through the chest wall. After blood collection, the liver was 

rapidly excised, rinsed in saline to remove excess blood, freeze-clamped in liquid 

nitrogen, and kept frozen at -80 °C until further analysis. Blood samples were aliquoted 

into two tubes for serum and plasma collection. In the first tube, blood clotted (no 

additives) for 20 min (4 °C) and serum was isolated via centrifugation for metabolomics 

analyses. The second aliquot was placed in a chilled tube containing 

ethylenediaminetetraacetic acid (EDTA), diprotinin-A (0.034 mg/ml blood; (MP 

Biomedicals, Irvine, CA)), Sigma protease inhibitor (1 mg/ml blood; Sigma Aldrich, 

Oakville, ON, Canada) and Roche Pefabloc (1 mg/ml of blood; Roche, Mississauga, ON, 

Canada). This sample was used for plasma measures including insulin, GIP and NEFA. 

Both serum and plasma samples were stored at -80 °C until analysis.  

 

Oral Glucose and ITT  
During week 8, animals were fasted for 8 hours overnight prior to an OGTT. Animals 

were weighed and 100 µL of blood was collected via tail clip (0.5 mm tip of tail) in 

conscious rats. Fasting blood glucose concentrations were measured using a standard 

blood glucose monitor (BD BioSciences, Franklin Lakes, NJ).  Following the initial 

blood glucose measurement, rats received an oral glucose load (2 mg/kg body weight) 

and subsequent blood samples were taken at 15, 30, 60, 90 and 120 min and blood 

glucose concentration determined immediately. Following a one-week washout period, 

animals were again fasted and an ITT was administered. This was done by injecting 
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Humulin® R insulin (Eli Lilly Canada, Toronto ON) diluted 100 times with saline into 

the intraperitoneal cavity (0.75 U/kg). Blood samples were obtained and glucose 

measured immediately at time points identical to the OGTT.  

 

Biochemical Analyses 
Plasma NEFA were quantified using a HR Series NEFA-HR kit (Wako Chuo-Ku, Osaka, 

Japan). Plasma insulin and GIP were measured using a Milliplex Map Kit Rat Gut 

Hormone Panel 96 well plate assay for Insulin and GIP (EMD Millipore Corporation, 

Billerica, MA). Liver TG were measured using Triglyceride (GPO) (Liquid) Reagent Set 

(Pointe Scientific Inc., Canton MI) as per manufacturers instructions.  

 

Fecal DNA Extraction and 16S rRNA Gene-based Real-time 

Quantitative PCR  
Fresh fecal samples were collected at 10 weeks. Samples were stored at -80 °C until 

further analysis. DNA was extracted from 250 mg of fecal matter using the FastDNA 

Spin Kit for Feces (MP Biomedicals, LLC, Solon, OH). DNA concentrations were 

quantified using the Nanodrop 2000 (Thermo Fisher Scientific Inc., Asheville, NC), 

diluted to 4 ng/µl, then stored at -20 °C until analysis. Amplification and detection were 

conducted in 96 well plates with SYBR Green 2 × qPCR Master Mix (BioRad). Samples 

were analyzed in duplicate with a final volume of 25 µl containing 0.3 µM primer and 20 

ng template gDNA. Group specific primers have been previously published [223]. The 

16S rRNA gene copies value was calculated according the following webpage: 

http://cels.uri.edu/gsc/cndna.html using average genome sizes. Standard curves were 
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normalized to the copy number of the 16S rRNA gene obtained from the following: 

http://rrndb.mmg.msu.edu/index.php. 

 

Serum Metabolomics Analysis 
Metabolomics analysis of serum samples was performed by 1H NMR as previously 

described with minor modifications [194, 224]. Samples were coded with sample ID and 

prepared, analyzed and profiled in a randomized order. Briefly, 1H NMR spectra were 

acquired using the standard pulse program (prnoesy1d) on a Bruker Avance 600 

spectrometer (600.22 MHz, 297K 5 mm TXI Probe). Initial processing was performed for 

the first sample in each batch using TopSpin software. Each sample was then individually 

processed using Chenomx NMR Suite 7.5 software (Chenomx Inc., Edmonton, Canada). 

Quantitative profiling was performed using the NMR Suite profiling module, applying 

the Chenomx library. The Human Metabolome Database, accessible at 

http://www.hmdb.ca, aided metabolite identification. Two-dimensional total correlation 

spectroscopy and heteronuclear single quantum coherence spectroscopy spectra were 

performed on the last sample of the batch for metabolite validation.  

 

Statistical Analysis 
SigmaStat version 3.5 (SYSTAT, Chicago, IL) was used for parametric statistical 

analyses of the biometric and the microbiota data. Where appropriate, microbiota data is 

reported on a log scale and shown as mean ± SE. Differences between the four dietary 

groups were determined by a two-way ANOVA, followed by a Student-Newman-Keuls 

post-hoc test (p<0.05). A two-tiered method was employed to analyze metabolomics data 

as previously described [224, 225]. Initial analysis consisted of multivariate statistical 
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analysis. Normalized 1H NMR data was imported into SIMCA-P+ software (version 

12.01, Umetrics AB, Umeå, Sweden), performing initial mean centering and unit 

variance scaling. Unsupervised PCA was conducted to identify and visualize initial 

grouping of the data and potential outliers (i.e., samples outside the 95% CI). Individual 

serum metabolites were then analyzed by a two-way ANOVA corrected for a false 

discovery rate of 20% according to Benjamini and Hochberg [226].  

 

 

Results 

Animal Characteristics 
Anthropometric, metabolic as well as food and fluid consumption data are shown in 

Table 4. HF animals were obese with an increase in body fat compared to their CH fed 

counterparts (p<0.05). No differences in bone mineral density were found between 

groups (data not shown). Liver TG were elevated with HF (p<0.05) but not aspartame 

treatment. CHA and HFA consumed 17 and 25% less energy (kcal), but more fluid 

compared to their respective controls (p<0.05). Fasting blood glucose levels were 

elevated in both aspartame groups (p<0.05). Likewise, plasma insulin levels increased 

with HF (CHW vs. HFW), however, within HF, aspartame consumption normalized 

plasma insulin levels to those observed for CH (p<0.05). The combination of HF and 

aspartame also resulted in increases in circulating plasma NEFA levels (p<0.05). 

Analysis of the insulin-related gut hormone GIP showed no differences between 

treatments (p>0.05). 
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  CH HF 

Characteristics  Water Aspartame Water Aspartame 

Final weight (g) 488 ± 5.5 453 ± 13.2 641 ± 17.0* 533 ± 22.5*† 

Body Fat (%) 7.1 ± 0.5 11.9 ± 1.0† 28.7 ± 1.5* 21.0 ± 1.8*† 

Liver TG (mM) 17.7 ±1.6 16.8 ± 0.9 47.1 ± 5.9* 43.3 ± 4.6* 

Food consumption (kcal/day) 132.1 ± 2.3 109.5 ± 8.0† 152.3 ± 8.9* 113.1 ± 5.1† 

Fluid consumption (ml/day) 42.4 ± 1.3 47.7 ± 3.9† 27.7 ± 1.4* 38.8 ± 2.4† 

Aspartame consumption (mg/kg/day) ---- 7.0 ± 0.5 ---- 4.9 ± 0.3* 

Fasting blood glucose (mM) 5.4 ± 0.2 6.9 ± 0.4† 5.6 ± 0.2 7.4 ± 0.6† 

Plasma Insulin (pmol/l) 143.1 ± 13.8 143.8 ± 27.5 197.4 ± 29.3 123.7 ± 13.7† 

Plasma free fatty acids (mM) 0.24 ± 0.03 0.25 ± 0.02 0.35 ± 0.05 0.48 ± 0.06*† 

Plasma GIP (pmol/l) 12.2 ± 2.8 8.4 ± 2.4 10.3 ±1.9  11.3 ± 2.5 

 

Table 4. Characteristics of experimental animals (n= 9-12 animals/group). Food and 

fluid consumption were recorded during week 7 of the diet. Glucose was measured in the 

fasted state, all other factors, including plasma NEFA, liver TG and plasma insulin were 

measured from samples taken at sacrifice (non-fasting). Data is represented as mean ± 

SE. *p<0.05 for diet (CH vs. HF) within fluid treatments (water, aspartame). †p<0.05 for 

fluid (water vs. aspartame) within diet (CH, HF). Data from the water controls (CH, HF) 

were part of a shared control group that has been previously published [222]. Permission 

to reuse the data in this table was obtained from Elsevier. 

 

Oral Glucose and Insulin Tolerance  
Results of the OGTT administered on week 8 of the diet are shown in Figure 5A and 5B.  
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Fasting blood glucose was higher in aspartame versus control rats in both CH and HF 

(p<0.05) (Table 4). There was a significant main effect of diet for blood glucose AUC 

wherein HF was higher than CH (p<0.05). No main effect of aspartame on blood glucose 

AUC was observed (p>0.05).  

 

Following a one-week wash-out period, the ITT was administered on week 9. Results are 

shown in Figure 5C and 5D.  For the ITT, both aspartame groups started with elevated 

blood glucose levels that persisted for the duration of the test (p<0.05). Independently, 

fluid but not diet  (p<0.05), affected glucose disappearance during the ITT with CHA and 

HFA exhibiting impaired insulin-stimulated glucose disposal compared to their 

respective water controls (CHW and HFW) (p<0.05). 

 



 

 69 

 

Figure 5. Measures of glucose tolerance and insulin sensitivity. A. Blood glucose 

from the OGTT from 0-120 min. B. Total AUC for OGTT over 120 min. C. Blood 

glucose following an ITT. D. Total AUC for the ITT over 120 min. Data represents 

means ± SE, n= 9-12 per treatment. † p<0.05 for fluid (water vs. aspartame) within diet 

(CH, HF). Statistics (p values) for AUC data (diet, fluid) and their interactions are also 

shown, p<0.05 being considered significant. Data from the water controls (CH, HF) were 

part of a shared control group that has been previously published [222]. Permission to 

reuse the data in this figure was obtained from Elsevier.  
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Gut Microbiota Analysis 
Results of gut microbiota analysis are shown in Table 5. As expected, HF feeding alone 

(CHW vs. HFW) perturbed the gut microbiota with increases in total bacteria, Firmicutes, 

and Clostridium Cluster C XI (p<0.05). HF also decreased the abundance of 

Bacteroides/Prevotella spp. (p<0.05).  Within diets, few differences between the CH 

treatment groups (CHW vs. CHA) were observed with the exception of Clostridium 

leptum, which was higher in the CHA group versus CHW (p<0.05). This finding was 

consistent for HF as well where HFA had higher Clostridium leptum compared to HFW 

(p<0.05). Diet affected Bifidobacterium spp. with greater abundance in the HF versus CH 

groups. Total bacteria, Enterobacteriaceae and Roseburia spp. were all influenced by the 

interaction of diet and aspartame where the HFA treatment resulted in the highest 

abundance of each bacterial group. 
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CH HF p values  

Bacteria Water Aspartame Water Aspartame Diet Aspartame Diet x aspartame 
Total bacteria 7.91 ± 0.056 7.74 ± 0.026 7.99 ± 0.13 8.01 ± 0.080*† 0.012 <0.001 0.005 

Bacteroides/Prevotella spp. 7.47 ± 0.092 7.25 ± 0.14 6.46 ± 0.076* 6.62 ± 0.069* <0.001 0.244 0.153 

Bifidobacterium spp. 5.51 ± 0.20 4.55 ± 0.11 6.57 ± 0.31* 5.97 ± 0.32† 0.011 0.062 0.126 

Enterobacteriaceae 4.08 ± 0.084 4.72 ± 0.12 4.56 ± 0.11 5.26 ± 0.11*† <0.001 <0.001 0.003 

Firmicutes 7.69 ± 0.078 7.55 ± 0.048 7.94 ± 0.14* 7.98 ± 0.084 0.014 0.263 0.477 

Lactobacillus spp. 7.32 ± 0.072 6.94 ± 0.095 7.45 ± 0.19 7.08 ± 0.11 0.489 0.212 0.908 

Clostridium leptum 6.51 ± 0.042 7.16 ± 0.11† 6.93 ± 0.10 7.24 ± 0.16† 0.088 <0.001 0.637 

Clostridium coccoides 6.69 ± 0.065 6.66 ± 0.060 6.68 ± 0.048 6.86 ± 0.060 0.137 0.205 0.095 

Clostridium cluster (CI) 5.64 ± 0.087 5.72 ± 0.27 6.12 ± 0.19 5.96 ± 0.17 0.103 0.672 0.519 

Clostridium cluster (CXI) 7.02 ± 0.13 6.44 ± 0.15 7.96 ± 0.18* 7.58 ± 0.049 0.004 0.115 0.238 

Roseburia spp. 6.88 ± 0.16 6.69 ± 0.25 6.42 ± 0.13 7.71 ± 0.34*† 0.434 0.135 0.022 

 

Table 5. Gut microbial composition of fresh fecal samples collected on week 10 of the diet and fluid (water or 

aspartame) treatments. Data represent Log 16S rRNA gene copies/20 ng total genomic DNA, mean ± SE, n= 9-12 per 

treatment. *p<0.05 for diet (CH vs. HF) within fluid treatments (water, aspartame). †p<0.05 for fluid (water vs. aspartame) 

within diet (CH, HF). Data from the water controls (CH, HF) were part of a shared control group that has been previously 

published [222]. Permission to reuse the data in this table was obtained from Elsevier. 
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As an elevated Firmicutes and Bacteriodetes ratio has been previously documented 

with obesity, this ratio was also examined. When expressed on an absolute scale, HF 

resulted in a decrease in Bacteroidetes and an increase in Firmicutes (Figure 6A). 

Within HF, aspartame treatment (HFA) attenuated the increase in Firmicutes, with 

little effect on Bacteroidetes. To further examine changes in these phyla, the relative 

proportions of bacteria within the Firmicutes phyla were plotted on a relative scale 

(100% total) as shown in Figure 6B. Consistent with Table 5 results, aspartame 

treatment within HF (HFA) increased the relative proportion of Clostridium leptum 

and attenuated HF-induced increases in Clostridium cluster XI. 

 

Figure 6. Gut microbial analyses of diet and fluid treatments. A. Graphical 

representation of the absolute changes in the Firmicutes and Bacteriodetes ratio in 

fresh fecal matter resulting from dietary (CH or HF) or fluid (water or aspartame) 
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treatment. HFW has elevated levels in comparison to the other groups, with the data 

representing absolute number (106) of 16S rRNA gene copies per 20 ng DNA. B. 

Relative bacterial abundance within the Firmicutes phyla. Data is based on 16S rRNA 

gene copies (106/20 ng DNA), on a relative (100%) scale. Consistent with the 

absolute results (Table 5), aspartame treatment within HF (HFA) increased the 

relative proportion of Clostridium leptum and attenuated HF-increased in Clostridium 

cluster XI. Data from the water controls (CH, HF) were part of a shared control group 

that has been previously published [222]. Permission to reuse the data in this figure 

was obtained from Elsevier.  

 

Serum Metabolomics Analysis   
Serum metabolites changing in response to diet, fluid and the interaction of the two 

treatments are shown in Table 6. A graphical representation of the PCA results is 

shown in Supplementary Figure 1. Aspartame breakdown products including 

aspartate, methanol and phenylalanine were not elevated in the aspartame consuming 

animals, indicating rapid metabolism of the sweetener. Aspartame treatment led to 

changes in nine serum metabolites including lysine, serine, glycine, propionate, 

creatine, 3-hydroxybutyrate, methanol, glycerol and urea. As previous reports have 

documented differential effects of aspartame in lean and obese subjects [227], the 

interaction between diet and fluid was also examined. Creatine, acetate, butyrate, 

myo-inositol and dimethyl sulfone were all affected by the interaction of diet and 

fluid. Of the serum metabolites detected, the SCFA (acetate, butyrate, formate, 

isobutyrate and propionate) predominated and were of particular interest because of 

their bacterial origin (Figure 7). Aspartame increased levels of acetate and butyrate in 

CH groups, while formate and isobutyrate remain unchanged. Aspartame resulted in 
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elevated circulating propionate levels by ~2.5 fold in both CHA and HFA compared 

to CHW and HFW respectively (p<0.05).  

 

 

Figure 7. SCFA concentrations from serum metabolomics analysis. Relative 

changes in the serum SCFA using 1H NMR spectroscopy. Data represents means ± 

SE, n= 9-12 per treatment. Data are shown relative to CHW, set as a value of 1.0. * 

p<0.05 for diet (CH vs. HF) within fluid treatments (water, aspartame); † p<0.05 for 

fluid (water vs. aspartame) within diet (CH, HF). 
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Serum metabolite Diet Fluid Diet-fluid interaction 

Amino acids 

   Alanine CH>HF 

  Betaine CH>HF A>W 

 Creatine CH>HF A>W CHA>HFA and CHA>CHW 

Glycine CH>HF A>W 

 Lysine 

 

A>W 

 Methionine CH>HF 

  Serine 

 

A>W 

 SCFA 

   Acetate 

  

CHA>HFA and CHA>CHW 

Butyrate CH>HF 

 

CHA>HFA and HFW>HFA 

Propionate 

 

A>W 

 Ketone bodies 

   3-hydroxybutyrate 

 

A>W 

 Alcohols 

   Methanol 

 

W>A 

 Myo-inositol 

  

CHA>HFA and CHA>CHW 

Glycerol 

 

W>A 

 Other metabolites 

   Dimethyl sulfone CH>HF 

 

CHA>HFA and HFW>HFA 

Lactate CH>HF 

  O-acetylcarnitine CH>HF 

  Urea 

 

W>A 

 
 

Table 6. List of 1H NMR serum metabolites that were significant with diet and/or 

fluid or with the diet-fluid interaction.  Notation indicates a significant difference 

(p<0.05) and the direction of change. Statistical interactions between diet x fluid are 



Chapter 3 

 76 

also shown. Analysis was based upon a two-tiered method as previously described 

[224, 225]. Initial analysis consisted of multivariate statistical analysis, confirmed by 

a two-way ANOVA corrected for a false discovery rate of 20% according to 

Benjamin and Hochberg [226]. Data represent n= 9-12 per treatment.  

 

Discussion 

There is continuing controversy over the impact of chronic aspartame consumption on 

the risk and development of obesity, type 2 diabetes and the MetS [228, 229]. 

Population-based studies have found both associations [213-215], and no associations 

[230] between diet soft drink intake and metabolic disease. These disparate results 

may be ascribed to the difficulty of controlling confounding variables in a human 

population; for example, obese and diabetic individuals generally consume more diet 

soft drinks and aspartame containing products than non-diabetics [231]. For this 

reason, we chose to examine the impact of chronic, low-dose aspartame consumption 

in a lean and diet-induced obese animal model where confounding variables could be 

strictly controlled.  

 

Results of the present study show aspartame to differentially affect measures 

associated with metabolic disease. Major findings were as follows: 1) aspartame 

lowered net energy consumption and body mass in both CH and HF. In HF, 

aspartame resulted in lower body fat percentage as well as a decline in plasma insulin 

levels; 2) aspartame consumption was associated with fasting hyperglycemia and 

impaired insulin tolerance in both CH and HF; 3) aspartame resulted in distinctive 

changes in the gut microbiota including increases in Enterobacteriaceae and 

Clostridium leptum. Within HF, aspartame attenuated typical HF-induced increases in 
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the Firmicutes:Bacteroidetes ratio and resulted in an elevation in Roseburia ssp.; and 

4) aspartame increased serum propionate, a SCFA of bacterial origin. The effects 

were observed despite the small quantities of aspartame consumed (~5-7 mg/kg/d), as 

previously mentioned equivalent to an approximate human consumption of 2-3 diet 

soft drinks per day for 8 weeks. These results show aspartame, even at very low 

doses, to have multiple and complex effects on metabolic health. 

 

There is no doubt that aspartame reduces the energy density of the foods or beverages 

it is added to. However, there is interest in whether this reduction results in lower 

overall energy intake, body mass and adiposity [229]. Analysis of the energy 

consumption in this study showed aspartame consuming animals to reduce their 

energy intake by ~17% and 25% for lean and HF-induced obese animals, 

respectively. This reduction in energy intake occurred in spite of identical diet 

composition within groups, as aspartame was only administered in the drinking water. 

Reductions in energy intake with aspartame resulted in lower body mass in both CH 

and HF. In spite of this, there were discrepant effects of aspartame on body fat; the 

percentage increased in CHA, yet resulted in a lower body fat gain in HFA compared 

to their respective water consuming controls. To gain insight into the impact of these 

alterations on metabolic health, an OGTT and ITT were performed. Fasting 

hyperglycemia was evident with aspartame ingestion regardless of diet. Furthermore, 

the AUC for glucose during the ITT was elevated in aspartame rats in both the CH 

and HF diet conditions. By administering a high physiological insulin bolus, we were 

able to show a reduced ability of animals to clear endogenous glucose with aspartame, 

either due to a reduction in peripheral insulin sensitivity or an impaired insulin-
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mediated suppression of net hepatic glucose output. Given the OGTT results showed 

no difference with aspartame, the latter hypothesis is likely correct.  

 

To explore the potential mechanism(s) by which aspartame affects metabolism, gut 

microbiota and serum metabolomics analyses were performed. Increasing evidence 

points to a significant interaction between the gut microbiome, the metabolite profile 

and the development of metabolic disease [232]. We found HFW, but not HFA, to be 

associated with a more obesity and diabetes-associated microbiota profile as defined 

by a higher Firmicutes and Bacteriodetes ratio. This indicates that aspartame 

treatment may have provided a protective effect against HF-induced changes in 

microbial phenotype, although this is likely a simplistic view given that high 

throughput sequencing now allows for greater insight down to the species level and 

thus species-specific effects. However, aspartame also associated with an increased 

proportion of Enterobacteriaceae when combined with a HF diet. Members of the 

Proteobacteria phylum, including Enterobacteriaceae, produce gases and SCFA and 

have been previously associated with inflammation and insulin resistance [233]. 

Likewise, aspartame consumption in conjunction with HF also decreased Clostridium 

Cluster XI, from which pathogenic bacteria can arise. This cluster may also have 

contributed to the significant decrease in butyrate as it contains many butyrate-

producing bacteria.  

 

It is well established that microbiota mediate many of their benefits to the host 

organism through a variety of secreted metabolites [232, 234]. Given this, serum 

metabolomics analysis was performed. Results demonstrated numerous serum 

metabolites changing in response to both diet and aspartame consumption, with the 
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most predominant changes noted in the SCFA (Table 6). These metabolites are 

important as they represent the end products of bacterial fermentation and are key 

signaling intermediates between the microbiota and host [232, 234]. Aspartame 

associated with changes in acetate and butyrate in CH fed, but not HF animals. In 

both CH and HF, aspartame, resulted in a particularly large elevations in propionate, 

greater than any other SCFA examined. This is likely attributable to increases in 

Clostridium that produces the metabolite during the fermentation of oligosaccharides 

[235]. The slightly higher concentrations of propionate with the CHA compared to the 

HFA is likely due to the higher fiber content in the CH diet.  

 

Propionate is rapidly gaining recognition for its communicative role between gut 

bacteria and the host and has been implicated in insulin action [236], behavior [237, 

238], overall metabolic health [232], taste aversion [239], irritable bowel syndrome 

[240] as well as mitochondrial dysfunction and autism [222, 241, 242]. Hence, there 

are multiple mechanisms and interactions that could explain the involvement of 

propionate with aspartame in the present study. In particular, the observed changes in 

insulin tolerance may be attributable to alterations in mitochondrial function, perhaps 

by impairing fatty acid metabolism [241], although such a link requires further 

investigation. Alternatively, propionate has been shown to impact the immune system 

[243, 244] colonic motility and permeability [232, 245, 246], functions that likely 

influence host gut microbiota. Applicable to the results of the present study, 

propionate has also been identified as a highly efficient gluconeogenic substrate for 

both the intestine and the liver [234]. Employing the intestinal G6P knockout mouse 

(I-G6pc-/-), work by De Vadder and colleagues [232] shows that the conversion of 

propionate to glucose via intestinal gluconeogenesis results in the release of glucose 
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in to the portal circulation resulting in metabolic benefits to the host including the 

activation of G-coupled free fatty acid receptors FFAR2 and FFAR3 as well as GLP-1 

secretion [247, 248]. However, when produced in the colon, propionate directly enters 

the entero-hepatic circulation, reaching the liver as propionate. At the liver, this SCFA 

undergoes gluconeogenesis, contributing to hepatic glucose production, resulting in a 

deterioration of both glucose and insulin tolerance in the I-G6pc-/- mouse [232].  

 

Given the above-mentioned results showing changes in both gut microbiota and 

SCFA, it is hypothesized that aspartame alters gut microbiota to favor propionate 

production in the colon. The end result may be an elevation in hepatic 

gluconeogenesis and therefore an increase in net hepatic glucose output. This 

mechanism may explain the higher fasting glucose levels as well as the reduction in 

insulin-stimulated suppression of gluconeogenesis during the ITT observed in this 

study. The effects of aspartame on gluconeogenesis would also be amplified in the 

obese state, as there is resistance to the insulin-mediated suppression of liver 

gluconeogenesis [249]. In agreement, the non-nutritive sweetener D-tagatose has 

previously been found to elevate propionate levels in the lower large intestine of pigs 

[250].  

 

From a dietary perspective, small amounts of aspartame as well as its decomposition 

products may reach the colon, influencing the gut microbiota. Aspartame is quickly 

hydrolyzed in the intestine into methanol, phenylalanine and aspartate, as previously 

mentioned [251]. The systemic concentrations of these metabolites are thought to 

remain unchanged post consumption based on studies underlying the statement that 

aspartame is considered safe at “current levels of exposure”, as stated by the 
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European Food Safety Authority [216]. In agreement, our serum metabolomics 

analysis showed no difference in aspartame breakdown products between treatments, 

evidence of the small dose of aspartame ingested, and that the compound was rapidly 

metabolized and excreted by rats. Conversely, small amounts of aspartame have been 

detected in the feces of Rhesus monkeys after the administration of ~20 mg/kg, a very 

large pharmacological dose [251]. Likewise, aspartame can also decompose to cyclo-

Asp-Phe, ∝-Asp-Phe, and β-Asp-Phe [252]. Of these components, not all are 

absorbed in the small intestine, hence some make their way to the colon where they 

can be fermented by the gut microbiota [252]. The presence of such compounds could 

potentially explain the alterations in the gut microbiota seen in the aspartame animals.  

 

Conclusion 
Results of this study show aspartame to mitigate many of the negative effects 

associated with HF feeding including lower body mass, adiposity, caloric 

consumption and fasting insulin levels. In spite of this, aspartame resulted in 

hyperglycemia and an impaired ability to respond to insulin (as evaluated by ITT), 

which could be due to enhanced gluconeogenesis fueled by production of the SCFA 

propionate by the gut microbiota. This mechanism warrants future investigation and 

may explain the increased risk of metabolic disease states with regular aspartame 

consumption observed in population-based studies.  
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CHAPTER 4: SERUM METABOLOMICS OF ACTIVITY 

ENERGY EXPENDITURE AND ITS RELATION TO 

METABOLIC SYNDROME AND OBESITY 

 

Introduction  

Obesity is a risk factor for the four most common chronic diseases worldwide: 

diabetes [253], cardiovascular disease [254], cancer [255] and chronic respiratory 

disease such as asthma [256]. Together they contribute to substantial patient suffering, 

a serious economic cost to health care [257] and lead to 30 million deaths annually 

[258]. Central (abdominal) obesity is of particular interest as it leads to the 

pathophysiology that results in MetS [259, 260], a cluster of risk factors (central 

obesity, hypertension, elevated fasting glucose and dyslipidemia) that, if untreated can 

lead to overt diabetes, cardiovascular disease and over the long-term to some cancers. 

The pathological development of MetS is characterized by an aberrant metabolism, in 

part consisting of a dysregulation in whole-body glucose and lipid metabolism, intra-

organ lipid storage and systemic inflammation.  

 

Since circulating metabolites are representative of systemic metabolism, they can 

reflect the metabolic health of an individual. Thus, metabolomics has the potential to 

provide insight into the biological mechanisms underlying health and disease. In order 

to better understand the metabolic impact of obesity and its etiologic role in the 

development of diabetes and subsequent chronic diseases, attempts have been made to 

identify biomarkers using various ‘omics’ technologies, including metabolomics. 
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Concentrations of BCAA (leucine, isoleucine and valine) are the most extensively 

studied metabolic signatures of obesity and insulin signaling [261, 262] and increased 

plasma BCAA levels have been reported to be predictive of diabetes incidence years 

prior to diagnosis [79, 80]. However, other metabolites may play roles in the relation 

between obesity and obesity-related disorders.  

 

The beneficial effects of physical activity as part of disease management and 

prevention have been clearly established for conditions such as type 2 diabetes, 

cardiovascular disease and certain types of cancer [263]. Yet, it is unclear through 

which mechanisms exercise and AEE attenuate the unfavorable effects of obesity, 

independent of weight reduction [264]. In this study we aimed to describe the 

metabolite profile associated with MetS and adiposity in relation to AEE and physical 

activity in weight stable men and women with and without MetS risk factors. Doubly 

labeled water (DLW), the gold standard methodology for assessing total energy 

expenditure (TEE) [265, 266] was used to objectively assess AEE (AEEDLW) and 

physical activity level (PALDLW). This method measures energy expensiture based on 

carbon dioxide production as a function of deuterium and 18O excretion. In addition, 

the Sedentary Time and Activity Reporting Questionnaire (STAR-Q) was used to 

determine the time spent in moderate and vigorous physical activity. We hypothesized 

that increased adiposity and the presence of MetS risk factors would lead to gender-

specific metabolic signatures [23, 267]. We further hypothesized that some of these 

metabolites would be inversely correlated with AEEDLW, AEE/kgDLW, PALDLW, 

moderate and/or vigorous physical activity, since exercise has previously been shown 

to influence the concentrations of circulating metabolites [58, 268, 269]. To the best 
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of our knowledge, this is the first study to examine metabolite profiles associated with 

DLW-derived AEE and PAL in humans.  

Methods and Materials  

Study Design and Ethical Approval 
This study was comprised of a convenience sample of volunteer participants who 

were recruited to a validation study designed to examine the measurement properties 

of the Sedentary Time and Activity Reporting Questionnaire (STAR-Q) [270]. The 

study design, recruitment and data collection procedures, excluding the metabolomics 

procedures, have previously been described [271].  

 

Of 102 participants in the STAR-Q validation study [271], 82 subjects (35 men and 

47 women) provided 10-hour overnight fasting blood samples from which 

quantitative metabolomics data (see below) could be generated. Recruitment to the 

original study was based on the following inclusion criteria: 1) 30-60 years of age; 2) 

living in the Calgary, Alberta, Canada area; 3) weight stability (≤2.5 kilogram weight 

change for at least 3 months) and; 4) BMI ≤35. Pregnant or breastfeeding women, 

participants with metabolic disorders (e.g., diabetes and thyroid dysfunction) or 

individuals taking medications affecting water balance were not eligible for the study. 

All participants provided detailed reports of medical history. Ethical approval for the 

study was obtained from the Alberta Cancer Research Ethics Committee of Alberta 

Health Services and the Conjoint Health Research Ethics Board of the University of 

Calgary, Calgary, Alberta, Canada.  
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AEEDLW, PALDLW and Physical Activity Measures 
DLW: deuterium and oxygen-18 (18O)) was used to derive TEE (TEEDLW). In brief, 

saliva and urine samples were obtained after an overnight fast for the determination of 

the background isotope levels (day 0). Participants were then orally administered 0.18 

g 99 atom% deuterium and 2.5 g 10 atom% 18O per kilogram of estimated total body 

water. Post-dose saliva samples were collected at 3 and 4 hours and second-void urine 

samples were collected on days 1, 8 and 14. The samples were batch-analyzed in 

duplicate using an Isoprime Stable Isotope Ratio Mass Spectrometer (Isoprime Ltd., 

Cheadle Hulme, United Kingdom) to measure the decline in isotope enrichment. 

TEEDLW was calculated according to the method of Racette et al. [272] using a 

modified Wier equation and an assumed respiratory quotient of 0.85. AEEDLW was 

estimated from TEEDLW using Equation 1 below where resting metabolic rate (RMR) 

was estimated using the Schofield equation [273] and hours of sleep as reported in the 

STAR-Q:  

 

AEEDLW= [0.9TEEDLW] - [(RMR/24) × (24 - hours of sleep)] + [0.9(RMR/24) × hours of sleep] (1) 

 

Activities were self-reported for the past month using the self-administered STAR-Q 

completed on day 14 of the DLW protocol. All activities were assigned activity codes 

and values for metabolic equivalents of task were obtained from the Compendium of 

Physical Activities [274, 275]. Estimates of time spent in moderate (3.0-6.0 metabolic 

equivalents of task) and vigorous intensity (>6.0 metabolic equivalents of task) 

physical activity were then derived [271]. The PALDLW was estimated as the ratio of 

TEEDLW to RMR. 
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Mets Risk Factors and Anthropometric Measurements	  
MetS is defined as a cluster of risk factors comprising high blood pressure (systolic 

>130 mm Hg, diastolic >85 mm Hg), abdominal obesity (men >102 cm, women >88 

cm) [276, 277], raised fasting glucose (>5.6 mmol/l) and dyslipidemia, defined as low 

HDL (men <1.0 mmol/l, women <1.3 mmol/l) and high TG (>1.7 mmol/l) or 

alternatively, medication for any of the mentioned conditions [259]. Prescription drug 

use was ascertained at the study center visit at which time participants were requested 

to bring in medication containers. TG, HDL cholesterol, total cholesterol and fasting 

glucose were determined at the Calgary Laboratory Services using established 

protocols and fasting whole blood. 

 

Anthropometric measures and blood pressure were determined at the study center by 

a certified exercise physiologist. Waist circumference was measured midway between 

the iliac crest and the lowest rib, as per Canadian guidelines [278]. Both waist and hip 

circumference were recorded to the nearest 0.5 cm. Weight and height were measured 

to nearest 0.1 kg and 0.1 cm, respectively, for BMI calculations (kg/m2). BMI was 

analyzed as a continuous and a binary variable that was dichotomized to represent 

healthy body weight (BMI <24.9 kg/m2) and overweight and obese categories (BMI 

>25.0 kg/m2). Body fat percentage was determined using the TBF-310 Tanita Body 

Composition Analyzer and Scale (Tanita Corporation of America, Preston, USA). 

Blood pressure was assessed following the recommendations by the Canadian 

Hypertension Educational Program [105]. 
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Serum Metabolomics Analysis  
Whole blood was collected in Red Top vacutainers following a 10 hour fast, 

processed by centrifuge to yield serum and stored in aliquots of 0.5 mL cryovials in -

80 °C until further analysis. At the time of analysis, samples were thawed on ice and 

larger molecules (e.g., proteins and lipid assemblies) were removed using 3-kDa 

Nanosep centrifugal filters and analyzed as previously described [279]. In brief, the 

filtrate volume was brought up to 650 µL, using a DSS-containing sodium phosphate 

buffer (130 µL, 0.5 M), the antibacterial compound sodium azide (10 µL of 1 M) and 

deuterium oxide. In addition, pH was adjusted to 7 ± 0.01 using sodium hydroxide 

and hydrochloride. 1H NMR was used to acquire 1-dimensional spectra using a 

standard pulse program (prnoesy1d) on a Bruker Avance 600 spectrometer (600.22 

MHz, 5 mm TXI Probe) at 298 °K. All samples were analyzed in automatic mode 

using Bruker NMRCase sample changer after shimming the first sample of each 

batch. Each sample was then processed using Chenomx NMR Suite 7.5 software 

(Chenomx Inc., Edmonton, Canada), comprised of line broadening (0.5 Hz), baseline 

and phase correction, water region deletion, shimming and concentration calibration. 

Quantitative metabolic profiling was performed using the NMR Suite profiling 

module employing the Chenomx library assisted by the human metabolome database 

(www.hmdb.ca) as well as 2-dimensional heteronuclear single quantum coherence 

spectroscopy (1H,13C HSQC) and total correlation spectroscopy (1H,1H TOCSY). All 

samples were coded with sample ID and prepared, analyzed and profiled in a 

randomized order.  
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Statistical Analysis 
Serum metabolites and study variables were analyzed by univariate (two-tailed t-test 

assuming unequal variance), bivariate (Pearson correlation analysis) and multivariate 

statistical analysis (as described below). Statistical significance was defined as a p-

value <0.05 for uni- and bivariate statistical analysis and a VIP>1.0, for the 

multivariate statistical analysis. Univariate and bi-variate p-values were corrected for 

false discovery rate according to Benjamini and Hochberg [163].  

 

The concentrations of serum metabolites were normalized to the total concentration 

sum for each sample to ensure normal distribution. Glucose, glycerol and lactate were 

excluded from the total sum due to their high abundance that otherwise would have 

dominated the normalization procedure. The normalized 1H NMR data was then used 

for the uni- and bivariate statistical analysis using Microsoft Excel and imported into 

the SIMCA-P+ software (version 12.01, Umetrics AB, Umeå, Sweden) for 

multivariate statistical analysis. In brief, data was further mean centered and scaled 

using unit variance scaling and statistical models created based on 7-fold cross-

validation. Unsupervised PCA was conducted to identify possible groupings of the 

data and to identify outliers observed to be outside the 95% confidence interval. 

Outliers were excluded when creating supervised models. Only the models that were 

based on the most influential metabolites (VIP>1) are shown. Partial least squares 

regression analysis (PLS) was applied for continuous Y-variables whereas PLS 

discriminant analysis (DA, PLS-DA) and OPLS-DA were applied for qualitative Y-

variables with more than three classes (e.g., the number of MetS risk factors, MetS0-3) 

and two classes (e.g., BMI class and MetSany vs Metszero), respectively. All models 

were evaluated based on R2 and Q2 values, representing the explained variance and 
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the predictive ability of the models, respectively. Analyses were carried out separately 

in men and women, and further stratified by MetS when indicated i.e., MetSany (1-3 

MetS risk factors) and MetSzero (0 MetS risk factors).  

 

Metabolic Pathway Analysis  
Metaboanalyst (www.metaboanalyst.ca) was used for the pathway analysis. Data 

were scaled and mean centered and the analysis specified for humans. Pathways were 

evaluated based on p-values corrected for false discovery rate [163] with p<0.05 

indicating statistical significance. 

 

Results  

Data Overview and Characteristics of Measured Factors 
Gender-stratification of study participants was supported by the pronounced 

difference in the serum metabolome of men and women (R2 = 0.73, Q2 = 0.61) 

(Supplementary Figure 2). Moreover, men had higher BMI, waist circumference, 

waist:hip ratio and body fat percentage compared to women (Table 7) and presented 

with higher serum concentrations of BCAA and lower serum concentrations of serine 

and glycine, among other metabolites. No differences were seen for AEEDLW, 

AEE/kgDLW, PALDLW, moderate or vigorous physical activity. Information regarding 

all quantified metabolites can be found in Supplementary Table 2. 
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    Range (mean) R2 / Q2 values 

Y-variables Unit Women (n= 47) Men (n= 35) Women Men 

Age Years 30-59 (46) 33-60 (51)* 0.57/0.16 0.75/0.061 

BMI value Kg/m2 16.8-30.3 (23.5) 20.0-33.4 (26.0)** 0.25/0.10 0.41/0.24 

Body fat percentage % 14.3-44.9 (30.3) 10.9-34.0 (21.7)**** 0.37/0.11 0.49/0.30 

Waist circumference cm 64.8-98.7 (82.4) 74.2-155.3 (94.0)**** 0.34/0.22 0.37/0.20 

Hip circumference cm 81.8-122.0 (99.9) 92.8-111.8 (99.0) 0.45/0.21 N/A 

Waist:hip ratio   0.73-0.91 (0.82) 0.79-1.04 (0.91)**** 0.20/0.097 0.40/0.23 

AEEDLW Kcal 489-2974 (1200) 630-3129 (1437) 0.24/0.09 0.27/0.08 

AEE/kgDLW Kcal/kg 8.3-49.8 (18.9) 9.0-37.1 (17.3) N/A N/A 

Moderate physical activity Hours/day 0.05-9.4 (1.6) 0-6.8 (1.8) N/A 0.34/0.11 

Vigorous physical activity Hours/day 0-2.6 (0.5) 0-2.1 (0.6) 0.25/0.14 0.23/0.07 

PALDLW Kcal 1.6-3.6 (2.1) 1.5-3.0 (2.0) N/A N/A 

BMI class 
  Normal weight= 77%  

Overweight= 23% 

Normal weight= 31%  

Overweight= 69%**** 
0.42/0.14 0.57/0.33 

MetS (0-3)   0= 60% 1= 34% 2= 4% 3= 2% 0= 54% 1= 17% 2= 17%  3= 11% 0.19/0.12 0.31/0.12 
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Table 7. All analyzed variables with their respective range of variability and average values as well as the values of explained 

variance (R2) and predictive ability (Q2). N/A indicates when no statistical model could be created. * p< 0.01, ** p<0.001, *** 

p<0.0001, **** p<0.00001. 
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The Serum Metabolite Profile of MetS and Correlations 

with Measures of Adiposity 
Men and women were stratified into groups of MetSany (with 1-3 MetS risk factors) 

and MetSzero (0 MetS risk factors). MetSany participants had significantly higher body 

measurements compared to MetSzero groups, and MetSany men were overweight (BMI 

>25) whereas MetSzero men were of normal weight (BMI 18.5-24.9) (Table 8).  

 
 Women Men 

Variable 

MetSany 

(mean) 

MetSzero  

(mean) 

p-value 

 

MetSany 

(mean) 

MetSzero  

(mean) 

p-value 

 

BMI (kg/m2) 24.6 21.6 <0.001 27.4 23.4 <0.0001 

Body fat percentage (%) 33.3 25.2 <0.0001 24.8 15.6 <0.000001 

Waist circumference (cm) 86.9 75.1 <0.0000001 98.8 84.7 <0.00001 

Hip circumference (cm) 103.2 94.5 <0.00001 105.3 97.7 <0.0001 

Waist:hip ratio 0.84 0.79 <0.001 0.94 0.87 <0.001 

AEEDLW (kcal) 1021.3 948.5 0.59 1163.0 1419.8 0.23 

AEE/kgDLW (kcal/kg) 15.1 16.9 0.42 13.4 19.9 0.024* 

PALDLW (kcal) 1.9 1.9 0.99 1.8 2.0 0.080 

Moderate physical 

activity (hours/day) 1.5 1.6 0.81 2.2 0.93 0.065 

Vigorous physical activity 

(hours/day) 0.54 0.55 0.96 0.45 0.82 0.061 

Table 8. Variables that were different when comparing MetSany and MetSzero 

women and men. * Not significant after correcting for multiple testing.  

Indeed, the number of MetS risk factors was positively and significantly correlated to 

all other body measurements in both genders (Table 9). This is consistent with the 

known pathophysiology of MetS and its relation to adiposity [280]. 
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MetS, women       MetS, men     

Variable r p   Variable r p 

Waist circumference 0.59 0.000014   Body fat percentage 0.60 0.00023 

BMI class 0.50 0.00032   Waist circumference 0.58 0.00038 

Waist:hip ratio 0.49 0.00050   BMI value 0.58 0.0004 

BMI value 0.47 0.00089   Waist:hip ratio 0.56 0.00074 

Hip circumference 0.43 0.0024   BMI class 0.54 0.0012 

Body fat percentage 0.39 0.0065   Hip circumference 0.44 0.011 

AEE/kgDLW -0.30 0.038   Moderate physical activity 0.32 0.067 

PALDLW -0.23 0.12   AEEDLW 0.25 0.16 

AEEDLW -0.18 0.23   PALDLW 0.17 0.33 

Moderate physical activity -0.041 0.78   Vigorous physical activity -0.13 0.45 

Vigorous physical activity 0.0030 0.98   AEE/kgDLW 0.095 0.60 

  
      BMI, men     

BMI, women 

Variable r p   Variable r p 

BMI class 0.79 <0.00001   Waist circumference 0.87 <0.00001 

Body fat percentage 0.82 <0.00001   Hip circumference 0.81 <0.00001 

Waist circumference 0.85 <0.00001   Waist:hip ratio 0.71 <0.00001 

Hip circumference 0.86 <0.00001   Body fat percentage 0.83 <0.00001 

MetS 0.47 0.00089   BMI class 0.72 <0.00001 

Waist:hip ratio 0.44 0.0018   MetS 0.58 0.00040 

AEE/kgDLW -0.43 0.0028   AEEDLW 0.48 0.0044 

PALDLW -0.43 0.0028   Moderate physical activity 0.38 0.031 

Vigorous physical activity -0.32 0.028   PALDLW 0.37 0.033 

AEEDLW -0.17 0.25   AEE/kgDLW 0.24 0.18 

Moderate physical activity -0.048 0.74   Vigorous physical activity -0.16 0.39 

  
    

  
  

Waist circumference, women Waist circumference, men 

Variable r p   Variable r p 
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BMI 0.84 <0.00001   BMI 0.87 <0.00001 

BMI class 0.77 <0.00001   Body fat percentage 0.88 <0.00001 

Body fat percentage 0.58 <0.00001   Hip circumference 0.83 <0.00001 

Hip circumference 0.83 <0.00001   Waist:hip ratio 0.90 <0.00001 

Waist:hip ratio 0.74 <0.00001   MetS  0.65 <0.00001 

MetS  0.63 <0.00001   BMI class 0.60 0.00014 

AEE/kgDLW -0.31 0.037   AEE/kgDLW -0.42 0.011 

PALDLW -0.14 0.34   Vigorous physical activity -0.35 0.037 

Vigorous physical activity -0.14 0.35   PALDLW -0.31 0.071 

AEEDLW -0.035 0.81   Moderate physical activity 0.28 0.10 

Moderate physical activity 0.0087 0.95   AEEDLW -0.18 0.30 

Table 9. Gender-stratified Pearson correlations for MetS, BMI and waist 

circumference with all analyzed variables. Pearson correlation coefficients (r) and 

their respective significance (p, p-value) are indicated as well as statistical 

significance corrected for multiple testing (dashed line).  

The metabolite profile of MetS was unique for each gender, with the exception of 

serine and creatinine, which were lower in both MetSany men and MetSany women 

compared with the respective MetSzero groups (Figure 8). MetSany men also had 

higher concentrations of methyl succinate, creatine, myo-inositol and urea and lower 

concentrations of glutamine, ornithine, glycine, serine, creatinine, lactate, carnitine 

and 3-hydroxybutyrate compared with the MetSzero group. Glycine and serine were 

also inversely correlated with all measures of adiposity, except that glycine was not 

associated with BMI class (VIP>1, Supplementary Table 3). The observed negative 

correlation between glycine and the waist:hip ratio, a measure thought to best 

represent male adiposity and fat distribution, reached bivariate statistical significance 

(r= -0.47, p<0.01) in addition to the positive correlation found between glycine and 

vigorous physical activity (r= 0.48, p<0.01). Other trends included higher 
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concentrations of arginine, creatine, methyl succinate, pyruvate and tyrosine with 

increasing body measures in men (Table 10). 

 

 

Figure 8. Supervised OPLS-DA score scatter plots (left) and loadings plots 

(right) showing the separation between MetSany (circles) and MetSzero (dots) for 

A. women and B. men. Every dot/circle represents one participant. The score scatter 

plot and loading plot are superimposable and indicate which VIP>1 metabolites 

associate with which MetS group in women (R2= 0.42, Q2= 0.30) and in men (R2= 

0.31, Q2= 0.12), respectively. 
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Women 

	   	   	   	   	   	   	   	  Body fat percentage r p BMI value r p BMI class r p 

Serine -0.45 0.0015 Serine -0.36 0.012 Serine -0.44 0.0021 

Creatine 0.31 0.034             

Hip circumference r p MetS r p Waist circumference r p 

Serine -0.40 0.0049 Serine -0.49 <0.001 Serine -0.49 <0.001 

Pyruvate 0.30 0.043 Creatinine -0.36 0.012 Myo-inositol -0.36 0.012 

      Glycine -0.29 0.049       

Waist:hip ratio r p AEEDLW     Vigorous PA r p 

Serine -0.38 0.0090 Myo-inositol 0.34 0.021 Glutamine -0.37 0.011 

Myo-inositol -0.31 0.032 Acetoacetate 0.31 0.036 Creatine -0.32 0.030 

            Phenylalanine -0.32 0.030 

            Carnitine -0.29 0.045 
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Men 

Body fat percentage r p BMI value r p BMI class r p 

Pyruvate 0.41 0.015 Tyrosine 0.48 0.0035 Tyrosine 0.43 0.0091 

Creatine 0.37 0.026 Carnitine 0.37 0.028 Proline 0.35 0.038 

Arginine 0.36 0.036 3-Hydroxybutyrate -0.36 0.032 Acetoacetate -0.34 0.048 

MetS r p Waist circumference r p Waist:hip ratio r p 

Pyruvate 0.46 0.0054 Methyl succinate 0.40 0.017 Glycine -0.47 0.0049 

Creatine 0.41 0.014 Pyruvate 0.37 0.031 Arginine 0.46 0.0059 

Methyl succinate 0.34 0.047 Arginine 0.34 0.042 Pyruvate 0.36 0.033 

AEEDLW  r  p Moderate PA r p Vigorous PA r p 

Carnitine 0.42 0.011 Carnitine 0.41 0.013 Glycine 0.48 0.0047 

Lactate 0.42 0.012 Lactate 0.37 0.034 Taurine -0.35 0.043 

Lysine 0.40 0.018       Acetate 0.35 0.048 
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Table 10. Pearson correlation coefficients and p-values for significant 

metabolites (p<0.05, VIP>1) for each factor for women and men. Pearson 

correlation coefficient (r) and significance (p, p-value) are indicated for each 

metabolite.  

MetSany women had higher levels of histidine and lysine and lower levels of serine, 

creatinine, myo-inositol, arginine, acetoacetate and betaine compared with the 

MetSzero women. The lower serine concentrations in MetSany women were also 

significant with univariate analysis (p< 0.001). Serine was furthermore found to be 

lower with increasing values of all body measurements in women and as the number 

of MetS risk factors increased (Table 10, Supplementary table 4). Of note, 

overweight and increasing MetS risk factors were associated with lower glycine 

concentrations in women (VIP>1, Supplementary table 4).  

 

The Correlation Between Body Measures with AEEDLW and 

Physical Activity in MetSany and MetSzero Men and Women 
BMI was found to be inversely correlated with AEE/kgDLW, PALDLW and vigorous PA 

in all women (Table 9). For men, BMI was positively correlated to AEEDLW whereas 

waist circumference was inversely correlated with AEE/kgDLW. As such correlations 

could potentially confound the serum metabolome, we investigated whether MetSany 

or MetSzero groups of high (highest 50%) and low (lowest 50%) AEEDLW, 

AEE/kgDLW, PALDLW, moderate and vigorous physical activity were different in terms 

of body measurements. No such differences were found for MetSany or MetSzero men. 

However, in MetSzero women, higher vigorous physical activity correlated with lower 

BMI (p<0.01), body fat percentage (p<0.05) and hip circumference (p<0.05) whereas 

moderate physical activity correlated with higher hip circumference (p<0.01). The 
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latter could be explained by the inverse relationship between moderate and vigorous 

physical activity (r= -0.48, p<0.05) in MetSzero women (data not shown). MetSany 

women with the higher levels of AEEDLW, AEE/kgDLW, PALDLW and vigorous 

physical activity had lower body measurements and/or fewer MetS risk factors 

compared to the group with the lower activity levels (Supplementary table 5). All 

metabolites correlating to measures of AEEDLW and physical activity would thus also 

be investigated for correlations with body measurements.  

 

MetS-Associated Metabolites are Inversely Correlated to 

Measures of AEEDLW and Physical Activity in Men and 

Women 
Next we were interested in examining whether MetS-associated metabolites were 

inversely correlated with AEEDLW, AEE/kgDLW, PALDLW, moderate or vigorous 

physical activity in comparison to MetS. High and low groups of each activity 

measurement were compared within the respective MetSany and MetSzero groups of 

men and women.  

 

MetSany men had increasing concentrations of glycine and lactate with the higher 

levels of PALDLW (R2 = 0.86, Q2 = 0.46) and AEE/kgDLW (R2 = 0.34, Q2 = 0.24) 

compared with the low PALDLW and AEE/kgDLW groups (Figure 9). Lactate was 

furthermore positively correlated to AEEDLW (R2 = 0.67, Q2 = 0.36) and moderate 

physical activity (R2 = 0.38, Q2 = 0.21) in MetSany men and with moderate (R2 = 0.62, 

Q2 = 0.51) and vigorous physical activity (R2 = 0.57, Q2 = 0.25) in MetSzero men.  
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Figure 9. Supervised OPLS-DA score scatter plots (left) and loadings plots 

(right) for men, showing AEEDLW and physical activity variables stratified for 

MetSany (A-D) and MetSzero (E-F). A. AEEDLW (R2= 0.67, Q2= 0.36), B. AEE/kgDLW 

(R2= 0.34, Q2= 0.24), C. PALDLW (R2= 0.86, Q2= 0.46), D. moderate physical activity 

(R2= 0.38, Q2= 0.21) for MetSany and E. moderate physical activity (R2= 0.62, Q2= 

0.51) and F. vigorous physical activity (R2= 0.57, Q2= 0.25) for MetSzero. Metabolites 

indicated in bold and with either * or # indicate metabolites that show opposite or 

comparable correlations to MetS, respectively. Every dot/ circle represents one 

participant, with circles indicating participants with the highest 50% (circles) and the 

lowest 50% (dots) of each variable. The score scatter plot and loading plot are 

superimposable and show (VIP>1) metabolites. Only variables that resulted in models 

are shown. 
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For women, serine and arginine were found to be higher with high levels of 

AEE/kgDLW (R2 = 0.32, Q2 = 0.21) and PALDLW (R2 = 0.40, Q2 = 0.33) compared with 

low levels in the MetSzero group (Figure 10). Arginine and betaine were also higher 

with AEEDLW (R2 = 0.43, Q2 = 0.37). For MetSany women, AEEDLW, AEE/kgDLW and 

PALDLW were positively correlated to several metabolites that had been found to be 

lower in the presence of MetS risk factors. For example, higher levels of AEE and 

AEE/kg associated with higher serum concentrations of acetoacetate and arginine as 

well as creatinine, myo-inositol and serine, respectably, compared to lower levels 

(Figure 10). The high PALDLW group had higher concentrations of acetoacetate, 

creatinine and serine compared to the low PALDLW group. In the bi-variate analysis, 

serine was surprisingly found to be positively correlated to BMI within the group of 

high PALDLW MetSany women (r= 0.67, p< 0.001) with a similar but non-significant 

trend for AEE/kgDLW. As no such correlations were seen for body fat percentage or 

other body measurements and since these women were normal weight on average, this 

finding may be reflective of a higher muscle mass in the more active women. In 

contrast, serine was negatively correlated with BMI as well as waist circumference 

within the low AEE/kgDLW and PALDLW groups, albeit without statistical significance.  
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Figure 10. Supervised OPLS-DA score scatter plots (left) and loadings plots 

(right) for women, showing AEEDLW and physical activity variables stratified for 

MetSany (A-D) and MetSzero (E-I). A. AEEDLW (R2= 0.45, Q2= 0.27), B. AEE/kgDLW 

(R2= 0.33, Q2= 0.11), C. PALDLW (R2= 0.44, Q2= 0.26), D. vigorous physical activity 

(R2= 0.43, Q2= 0.22), for MetSany and E. AEEDLW (R2= 0.43, Q2= 0.37), F. 

AEE/kgDLW (R2= 0.32, Q2= 0.21), G. PALDLW (R2= 0.40, Q2= 0.33), H. moderate 

physical activity (R2= 0.28, Q2= 0.14) and I. vigorous physical activity (R2= 0.28, 

Q2= 0.16) for MetSzero.Metabolites indicated in bold and with either * or # indicate 

metabolites that show opposite or comparable correlations to MetS, respectively. 

Every dot/ circle represents one participant, with circles indicating participants with 

the highest 50% (circles) and the lowest 50% (dots) of each variable. The score scatter 

plot and loading plot are superimposable and show VIP >1 metabolites. Only 

variables that resulted in models could be shown.  

 
Since serine and arginine had correlated with DLW measurements in both MetSany 

and MetSzero women, we compared the serum concentrations for the 4 groups of high 

and low activity measurements of MetSany and MetSzero women, respectively (Figure 
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AEE/kgDLW had the highest concentration of serine 2) for MetSany women, higher 

PALDLW, but not AEE/kgDLW, was associated with higher serine concentrations and 3) 

MetSany women with high PALDLW and AEE/kgDLW have comparable serine 

concentrations to the MetSzero women with low PALDLW and AEE/kgDLW. Arginine 

concentrations were significantly higher in MetSzero women with high AEEDLW 

compared to both the MetSany and the MetSzero women with low AEEDLW (p<0.01).  

 

 

Figure 11. Serum serine and arginine concentrations for MetSany (black bar) and 

MetSzero (white bar) women with high (H) or low (L) levels of A. AEE/kgDLW and 

B. PALDLW and C. AEEDLW. Significant difference compared to MetSzero-H (** 

p<0.01 *** p<0.001), MetSzero-L († p<0.05) and MetSany-H (‡ p <0.05) is indicated. 

 

Sphingolipid Metabolism Potential Pathway for MetS 
In an attempt to gain further insight into the biological mechanisms underlying the 

reported metabolic findings, pathway analysis was performed on all analyzed 

metabolites. Two pathways were significant when comparing MetSany to MetSzero 
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‘methane metabolism’ (serine and glycine, p<0.05), data not shown). No other 

metabolites were significant for these pathways.  

 

No statistically significant pathways could be identified for MetS for men or for BMI, 

waist circumference, AEEDLW, PALDLW or physical activity measurements in either 

gender after correcting for false discovery rate. However, there were pathways that 

had significant unadjusted p-values. For example, waist circumference associated 

with multiple pathways involving serine and/or glycine in men, including 

sphingolipid metabolism, glycine, serine and threonine metabolism, methane 

metabolism, sulfur metabolism, cysteine and methionine metabolism and cyanoamino 

metabolism (punadjusted <0.05, data not shown).  

 

Discussion   

Although much is known about the physiological impact of exercise on immediate 

fuel utilization, body coordination, cognitive function and cardiorespiratory fitness, 

there is a large gap in the understanding of how these and other changes are linked to 

long-term disease prevention and amelioration [264]. Metabolomics and other 

“omics” approaches can potentially provide insight to the mechanisms linking 

exercise and health. 

 

In this study, we described the serum metabolite profiles associated with MetS and 

adiposity in relation to AEEDLW, AEE/kgDLW, PALDLW and moderate and vigorous 

physical activity in men and women with or without MetS risk factors. The most 

consistent metabolomics trend consisted of the lower serum concentrations of serine 

in the presence of MetS risk factors and greater adiposity in both men and women. 
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Glycine was also found at lower concentrations with a higher number of MetS risk 

factors in both genders and with higher adiposity in men. In contrast, DLW-assessed 

measurements i.e., AEE/kgDLW and PALDLW, but not self-reported moderate or 

vigorous physical activity, were associated with higher concentration of serine in 

MetSany women and glycine in MetSany men. Interestingly, higher PALDLW levels in 

MetSany women were associated with serine levels comparable to the less active 

MetSzero women. This correlation was partly dependent on the positive correlation 

between BMI and PALDLW in the high PALDLW MetSany group, which we speculate 

may be an indication of leanness since 1) the BMI was lower in the high compared to 

the low PALDLW group, with the vast majority of women in the high PAL group 

having a BMI within the normal range and since 2) BMI was inversely correlated 

with serine levels in women in the low PALDLW and AEE/kgDLW groups, yet without 

statistical significance. The highest serine concentrations were seen for MetSzero 

women with the highest PALDLW, attesting to the importance of engaging in physical 

activity even for normal weight and healthy women. Our results also suggest that high 

PAL may be able to mitigate the impact of adiposity and MetS risk factors on the 

serum metabolome in women. Of note, physical activity has also been shown by 

others to influence the human serum and plasma metabolome [58, 268, 269]. In 

addition, this is supported in animal models, also showing physical activity to 

mitigate the metabolite profile associated with diet-induced obesity [224] and diabetes 

[281].  

 

Similar to our findings, others have found decreasing serine and glycine 

concentrations associated with obesity, insulin resistance, diabetes and MetS risk 

factors [82, 282-290]. For example, glycine concentrations have previously been 
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shown to be linked with whole body glucose uptake and thus insulin responsiveness, 

as assessed by hyperinsulinemic-euglycemic glucose clamps [284]. Moreover, lower 

serine and glycine levels were reported to be instrumental in differentiating between 

insulin sensitive, insulin resistant and diabetic adults [284]. Serine and glycine have 

also been reported to positively correlate with insulin action, as assessed by repeated 

glucose tolerance tests in overweight and obese sedentary men and women [286]. In 

addition, serine has been shown to be correlated with impairments in fasting glycemia 

in type 2 diabetic adults, while fasting concentrations of glycine have been reported to 

be lower in diabetic compared to normoglycemic adults [285]. A metabolic signature 

consisting of glycine in combination with phenylalanine, hexose, sphingomyelin 16:1 

and phosphatidylcholines has furthermore been able to predict diabetes with high 

accuracy 7 years prior to clinical manifestation [290]. Batch et al. has also reported 

that the combination of reduced serine, glycine and ornithine concentrations had the 

potential to distinguish between metabolically well and unwell (>2 MetS risk factors) 

adults, after adjusting for BMI [82]. Lastly, glycine has been found to be elevated 

along with an increase in insulin sensitivity in overweight adults following a six-

month long exercise intervention, while no such changes were seen for plasma BCAA 

[291]. None of these studies assessed objective measures of AEE to determine their 

relation to these metabolites. 

 

The pathway analysis suggested sphingolipid metabolism as a potential underlying 

mechanism to the detected correlations between serine and MetS risk factors. This 

finding is further supported by recent reports indicating that obesity, insulin resistance 

and MetS are associated with lower concentrations of serine [283, 286, 292, 293] and 

glycine [82, 282, 285, 292, 294] and higher concentrations of sphingolipid species 
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[73, 90, 295-318] in humans. Interestingly, the opposite trend was seen for physical 

activity [319-328], with some studies reporting conflicting results [283, 299, 321]. 

Dubé et al. also showed that exercise, but not dietary restriction, reduced ceramide 

and sphingosine levels, while both approaches improved on insulin sensitivity [319]. 

It is thus possible that serine is used as a precursor for sphingolipids in the obese state, 

leading to the accumulation of the bioactive lipid ceramide in insulin sensitive tissues, 

such as muscle and liver, where it can contribute to the development of insulin 

resistance [88]. In contrast, serine may be spared with physical activity, perhaps by 

the downregulation of serine palmitoyltransferase [329], the enzyme that catalyzes the 

first step of de novo sphingolipid synthesis utilizing serine and palmitoyl-CoA to 

produce sphingosine. An exercise intervention study for participants with and without 

MetS investigating de novo sphingolipid metabolism with isotope labeled precursors 

and LC-MS or FIA-MS/MS metabolomics could complement the present work. 

However, it is also possible for circulating serine concentrations to be dependent on 

other factors including diet, protein and phospholipid degradation, synthesis from 3-

phosphoglycerate or to be influnces by other pathways such as one carbon 

metabolism, gene methylation and detoxification of reactive oxygen species [330]. 

 

Although serine and glycine were prominent features of this study, other metabolites 

may also play a crucial part in adiposity and MetS. Among the key findings were the 

lower levels of arginine with MetS risk factors in women and the higher levels with 

AEE/kgDLW and PALDLW in both MetSany and MetSzero women. Arginine has multiple 

functions related to glucose and insulin concentrations; it is a gluconeogenic amino 

acid and has the ability to activate AMPK and mTOR, resulting in higher insulin 

secretion and glucose uptake [330]. However, arginine levels were positively 
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correlated with body measures in men. Furthermore, creatinine was found to be lower 

in MetSany men and women and to be positively correlated to AEE/kgDLW, PALDLW 

and moderate physical activity in MetSany women as well as vigorous physical activity 

in MetSzero women. Creatinine is a breakdown product of muscular creatine 

phosphate, and may thus reflect the higher levels of physical activity in these subjects. 

Lactate concentrations were lower in the presence of MetS risk factors in men and 

higher with PALDLW, AEEDLW and moderate physical activity in MetSany men and 

with moderate and vigorous physical activity in MetSzero men. Concentrations of 

lactate are best known to increase during physical activity and to return to normal 

after approximately 30 min of active or passive recovery [331]. Other common 

reasons for higher lactate levels include cancer and critical illness, however none of 

the participants in the present study had any chronic or acute illnesses. Other 

metabolites that were significant for MetS risk factors and body measurements but 

that were not inversely correlated with higher AEEDLW and physical activity included 

pyruvate for men. Interestingly, BCAA in our own work did not contribute 

significantly to the metabolite profiles of MetS or adiposity in this study, with the 

exception that BCAA concentrations were higher in men (who had significantly 

higher BMI, waist circumference and waist:hip ratio) compared to women. These 

results may reflect the natural variation between populations and habits in free-living 

humans, as BCAA concentrations have been reported to be influenced by factors such 

as BMI, diabetes and diet (proportion of fat and carbohydrates) [80, 284].  

 

The limitations of the study need to be addressed. The relative small sample size and 

lower proportion of male participants restricted statistical analyses and the power to 

detect true associations. Another limitation included the reliance on an estimation of 
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RMR (resting metabolic rate) using an equation based on gender, age and 

anthropometric measures, rather than an actual measure using indirect calorimetry, 

which may have resulted in reducing the precision of the AEEDLW estimation (see 

Equation 1). As well, moderate and vigorous PAL were estimated from self-report, 

known to be associated with measurement error. We have previously shown, 

however, that there is substantial agreement between vigorous physical activity 

estimated from the STAR-Q and prospectively collected 7-day activity diaries 

indicating that the estimate may be informative for the ranking of subjects according 

to the levels of vigorous physical activity [271]. On the other hand, a major strength 

of our study includes the use of DLW, the gold standard for TEE, which allowed for 

objective estimations of AEEDLW, AEE/kgDLW and PALDLW. To our knowledge this is 

the first study to examine the relation between DLW-derived AEEDLW and PALDLW 

estimates and metabolites in subjects with and without risk factors of MetS. This 

study also included anthropometric measures that were assessed by trained staff rather 

than having to rely on participant self-report. The multiple measures allowed for the 

investigation of the effect of site-specific adiposity with respect to the serum 

metabolome. Notably, AEEDLW correlated positively and significantly with BMI in 

men, potentially as a consequence of the higher ‘energy cost’ of movement with 

excess body mass [332] as the men in the present study were overweight on average. 

Standardizing AEEDLW to bodyweight partly reduced this association and AEE/kgDLW 

was negatively correlated to waist circumference. 

 

Conclusion 
We have shown for the first time that higher levels of DLW- derived PAL and AEE 

measures were inversely correlated with MetS and adiposity-associated metabolites. 
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Furthermore, our work is preliminary evidence for promising potential effects of 

physical activity and overall energy expenditure in mitigating the negative effects of 

obesity on metabolism. We suggest that serine and glycine, through the involvement 

in de novo synthesis of sphingolipids such as ceramide may play an important part in 

the development of metabolic disease from obesity.  
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CHAPTER 5: EARLY SERUM METABOLOMICS 

SIGNATURE CORRELATES WITH 2-YEARS 

SURVIVAL IN HEAD AND NECK CANCER PATIENTS 

UNDERGOING A DIET AND EXERCISE 

INTERVENTION 

 

Introduction 

HNC includes malignant tumors of the oral cavity, the nasal cavity, larynx, pharynx 

and salivary glands. Despite differences in regional location, HNC shares 

resemblances in the risk factors, symptoms and treatment strategies and they 

commonly originate from the same type of cell (squamous) [333]. Yet, there is 

considerable variability in tumor behavior between patients [334, 335]. HNC is the 6th 

most common cancer worldwide, ranging from approximately 3% of all cancer cases 

in North America to the most common cancer in developing countries [336]. 

Although the overall HNC incidence has decreased in recent years, oropharyngeal 

cancers have been increasing in some countries such as Canada, the United States, the 

United Kingdom, the Netherlands, Sweden, Norway and Denmark, as a consequence 

of the increasing prevalence in human papilloma virus (HPV)-related tumors [337]. 

While HPV-positive HNC is usually associated with better outcome, these tumors 

have a unique molecular behavior and treatment response as well as distinct 

prognostic challenges [338, 339].  
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Despite considerable efforts, little is known about why two patients with seemingly 

comparable tumors (e.g., similar diagnosis, stage and size), patient characteristics 

(e.g., gender, age, time of diagnosis, physical fitness) and cancer treatment can have 

different outcomes [335, 340, 341]. Part of the answer may lie in differences in the 

severity of the cancer symptoms. Indeed, pain, fatigue, difficulty sleeping, depression, 

low appetite and cancer cachexia, the involuntary and progressive loss of muscle mass 

with or without fat mass, are common for HNC patients [342-344]. Differences in 

tumor metabolism and genetics [334, 340] as well as host immune response and 

metabolism [345, 346] may also play an important part. In addition to assessing the 

genetic profile of the tumor, metabolomics can identify metabolite biomarkers that 

may lead to a more accurate prognosis [102]. To the best of our knowledge, no study 

has yet evaluated the serum metabolite profile of HNC patients in relation to survival.  

 

In the present pilot study, 56 HNC patients undergoing a 12-week diet and exercise 

intervention [347-349] provided fasting serum samples at baseline, Moreover, 

additional samples were collected from each participant every three months over a 12-

month period. The serum samples were analyzed using 1H NMR and GC-MS for 

metabolomics analysis. In addition, body measurements, physical performance and 

self-rated symptoms were assessed at all five time points. We hypothesized that the 

baseline metabolite profile could differentiate between participants that survived 

(survivors) and those who deceased (nonsurvivors) within 25 months of the start of 

the study. Such metabolites could have potential as prognostic biomarkers for HNC 

patients i.e. predict outcome regardless of the cancer treatment. We also compared 

nonsurvivors and survivors that were matched for gender, tumor type and HPV-status 

as well as for age, tumor stage, time of diagnosis, cancer treatment and baseline body 
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measures, at all five time points. This comparison allowed for the identification of a 

survival-related metabolite profile that could differentiate between participants that 

were comparable in terms of both participant and cancer characteristics.  

Methods and Materials 

Study Design and Participation 
The study design has been published [347] and the feasibility of the intervention has 

been evaluated based on safety, recruitment and adherence [350]. The participants of 

the present study were recruited for a lifestyle intervention study with body 

composition as the primary outcome and with fitness, nutritional status, quality of life 

and depression as secondary outcomes [349]. In brief, the participants were 

randomized to undergo either an immediate (initiated at study baseline, N= 27) or a 

delayed (3 months past study baseline, N= 28) lifestyle intervention, consisting of ≥2 

group exercise classes as well as at home exercise twice per week. Individualized 

dietary support was provided by a dietitian and communicated to the participants at 

weekly meetings. Study participants were referred by their physician at the Tom 

Baker Cancer Centre (Calgary, Alberta, Canada) and cleared for exercise prior to 

enrollment. Eligibility was further defined as follows; 1) >18 years of age, 2) recently 

diagnosed with HNC (tumors of the oropharynx, oral cavity, nasopharynx, nasal 

cavity or paranasal sinuses, larynx or hypopharynx as well as salivary glands), 3) 

scheduled to receive radiation treatment, 4) proficient English speaking and writing 

skills and 5) not requiring walking aids. In total, 56 individuals fulfilled the inclusion 

criteria and completed the baseline requirements i.e., providing informed consent and 

a fasting serum sample as well as completing a 3-day food record, quality of life 

evaluation, body composition assessments by dual-energy x-ray absorptionmetry and 
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physical performance/fitness tests. Serum metabolomics analysis was performed on 

the serum samples provided, as described below. Further details of the intervention 

study, the study variables and the HNC population as well as the results have recently 

been published [349]. 

 

 

Serum Metabolomics Analysis 
During the study period a total of 198 fasting serum samples were collected, with 56 

obtained at baseline (0 months, time point 1, T1), 41 at 3 months (T2), 34 at 6 months 

(T3), 34 at 9 months (T4) and 33 at 12 months (T5). Of note, the patients underwent 

the cancer treatment between T1 and T2. Serum was collected in separate tubes for 

metabolomics profiling and for the interleukin and inflammatory mediator protein 

assay and stored at -80 ºC until analysis. All serum samples were de-coded and 

blinded towards the tester and analyzed in a randomized order.  

 
1H	  NMR	  

Serum samples were thawed on ice at the time of analysis. 300 µL of each sample 

was placed on pre-washed 10 kDa centrifugal Amicon® filter tubes (MilliporeSigma, 

Canada), centrifuged at 16,000 rpm for 60 minutes, then centrifuged for an additional 

45 minutes at 16,000 rpm after adding 500 µL D2O to the filter. The filtrate was 

transferred to a 5 mm NMR tube (Bruker Biospin Ltd., Canada) and the volume 

brought up to at total of 560 µl by adding a DSS (dimethyl-silapentane-sulfonate)-

containing sodium phosphate buffer (0.5 M, 112 µL), the antibacterial agent NaN3 (1 

M, 10 µL) and D2O. The sample preparation was facilitated by the use of the Gilson 

Liquid handler (Gilson, Inc, United States of America). The samples were then placed 
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in a cooled (4 ºC) loading rack on the SampleJet sample changer (Bruker Biospin 

Ltd., Canada). 1-dimensional 1H NMR spectra were acquired using the noesyppr1d 

pulse program applying 512 scans on a Bruker Avance 600 spectrometer (600.22 

MHz, 297K 5 mm TXI Probe). Before entering the magnet, each sample was heated 

up to 298.0 ºK (24.9 ºC) in order to remove moisture. Initial processing included 

automatic tuning and locking, manual shimming, phasing and optimization of pulse 

length. Each spectrum was individually processed (baseline adjustment, phasing, peak 

width adjustments, water region deletion and line broading (0.3 Hz)) prior to 

quantitative profiling using Chenomx NMR Suite 7.5 software (Chenomx Inc., 

Canada). 

 

GC-‐MS	  

Internal standards for aqueous metabolites (phenyl-d5-alanine, 0.5 µg) and fatty acids 

(d25-tridecanoic acid, 6 µg) were added to each thawed original sample and pooled 

QC. Next, samples underwent metabolite extraction using a methanol:chloroform 

protocol [351] separating the aqueous and lipid fractions. The aqueous fraction was 

evaporated to dryness under vacuum for 9 h (SpeedVac, Eppendorf, Germany) 

whereas the lipid fraction was left to dry in a fume hood overnight. Aqueous 

metabolites were first derivatized in 50 µL of methoxyamine hydrochloride in 

pyridine (20 mg/ml) at 37 °C for 150 min, then silylated using MSTFA (N-methyl-

n(trimethyl silyl)trifluoroacetamide, 50 µL) under warm conditions (37 °C, 45 min), 

as previously described [352]. Fatty acids were converted to fatty acid methyl esters 

(FAME) using BF3 in methanol (125 µL) under higher temperature (80 °C, 90 min), 

according to the procedures by Gullberg, Morrison and Woo [353-355]. The lipid 

fraction was then left to evaporate in the fume hood overnight. Prior to analysis, 
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derivatized samples were diluted in hexane and centrifuged at 13,200 rpm for 4 min to 

remove solid particles. 200 µL of supernatant was transferred to vials with glass 

inserts for analysis. Pooled QC samples were analyzed at the start and at the end of 

the analysis as well as after every fifth original sample, according to Dunn et al. 

[162].  

 

Aqueous and FAME samples were analyzed using a GC-orthogonal acceleration-time 

of flight MS (Waters GCT Premier, Waters, United Stated of America), coupled to an 

Agilent chromatograph 7890A (Agilent Technologies Canada Inc, Ontario, Canada) 

operating in the electronic ionization (EI) mode at 70 eV and 225 ºC. A DB-5ms 

column (30 m x 0.25 mm x 0.25 µm,) was used for the aqueous samples whereas a 

DB-23 column (60 m x 0.25 mm x 0.15 µm) was used for the FAME samples 

(Agilent Technologies, United States of America). For both columns the helium flow 

rate was 1.2 ml/min. For aqueous samples, the GC injector was held at 275 °C and the 

interface temperature at 280 °C. The GC temperature program was kept at 50 °C for 

0.5 min, increased to 320 °C at 12 °C/min and held at 320 °C for 8 min. Similarly, the 

injector temperature was kept at 240 °C and the interface at 250 °C for the lipid 

fraction. The GC temperature program was kept at 50 °C for 2 min, increased to 175 

°C at 25 °C/min, then increased to 250 °C at 4 °C/min and held at 250 °C for 2.25 

min. Aqueous metabolites were identified using Metabolite Detector (version 2.06, 

Technische Universität Carolo-Wilhelmina zu Braunschweig, Germany), and the 

GMD-GOLM library (http://gmd.mpimp-golm.mpg.de). For FAME, Met-idea (http:// 

bioinfo. noble. org) was used to obtain concentrations, retention times and identifying 

ions for each FAME. The fatty acid identity was assigned by comparing the acquired 



 

 120 

elution order and identifying ions to an in-house library of pure individual FAME 

standards that had been analyzed using the same column (see Appendix B for details). 

 

Interleukins and Protein Assay 
Interleukins and inflammatory mediator proteins were analyzed from fasting serum 

samples by Eve Technologies (Eve Technologies Corporation, Calgary, Alberta, 

Canada) using a custom-plex assay selecting for IL-1β, IL-6, IL-8, tumor necrosis 

factor and C-reactive protein (CRP).  

 

Statistical Analysis  

Normalization,	   Transformation,	   Data	   Reduction	   and	   Adjustments	   for	   Batch	  

Variation	  	  

1H NMR identified a total of 67 metabolites, out of which 43 fulfilled the inclusion 

criteria of being present in >75% of all samples and having mean and median 

concentrations of ≥5 µM. 40 metabolites were included in the statistical analysis after 

also excluding urea (unreliable quantification) and active ingredients from drugs (i.e., 

acetaminophen and ibuprofen). Metabolite concentrations were log transformed to 

ensure normal distribution. 

 

Aqueous metabolites detected with GC-MS (N=198) were included if present in 

>75% of all original and QC samples and if their concentrations were >3 times higher 

in original samples compared to MilliQ water blanks that also had undergone 

extraction and derivatization. A total of 86 metabolites were included in the analysis, 

whereof 31 (36.0%) were unidentified metabolites. The mass spectra of the 

unidentified metabolites were compared to metabolites of the NIST library 
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(ww.nist.gov) in an attempt to assign metabolite identify. Batch variation was 

eliminated using the ComBat approach [71]. For the lipid fraction, 23 out of the 28 

identified FAME fulfilled the inclusion criteria. Aqueous metabolites and FAME 

detected with GC-MS were normalized to the respective internal standards.  

 

Combined datasets for metabolites with and without interleukins and inflammatory 

mediator proteins were analyzed in addition to the individual 1H NMR and GC-MS 

datasets. Missing values were replaced by the lowest detectable concentration for 

each respective metabolite.  

 

Uni-‐	  and	  Bivariate	  Statistical	  Analysis	  

Two-sided t-test assuming unequal variance was performed to test for statistically 

significant metabolites or variables between two groups and corrected for false 

discovery rate according to Benjamini and Hochberg [163]. The t-test was also 

employed to investigate differences in symptoms, body measures and physical 

performance between time points. Pearson correlation analysis was used to investigate 

correlations between individual metabolites, interleukins, inflammatory mediator 

proteins or other variables such as body weight, muscle mass and physical 

performance scores at each time point. Statistical significance of the Pearson 

correlation and t-test were defined as a p-value <0.05.  

Multivariate	  Statistical	  Analysis	  

Multivariate statistical analysis was employed using the SIMCA-P+ software (version 

12.01, Umetrics AB, Umeå, Sweden). The normalized 1H NMR, the (aqueous) GC-

MS data and the combined datasets underwent mean centering and was scaled with 

unit variance scaling prior to analysis. Unsupervised PCA was conducted to detect 



 

 122 

potential clustering patterns of the data as well as potential outliers. Outliers, defined 

as samples present outside the 95% confidence interval, were excluded when 

constructing the subsequent supervised partial least squares discriminant analysis 

(PLS-DA) and OPLS-DA models. All multivariate models were constructed based on 

a multifold-fold cross validation. A VIP cut-off value of 1.0 was applied in order to 

create supervised statistical models based on the most influential metabolites. Models 

were evaluated based on R2 and Q2 values, representing the explained variance and 

the predictive ability of the models respectively. Permutations tests were performed 

using SIMCA version 14 on all the VIP models to ensure validity and potential over-

fitting of the model [356]. Receiver operating characteristic (ROC) curves were 

created for the VIP models for 1H NMR, GC-MS and the combined dataset at T1 

using Metz Roc software (University of Chicago, Illinois, USA).  

 

Pathway	  analysis	  	  

Pathway analysis was performed using MetaboAnalyst 3.0 (metaboanalyst.ca) on the 

normalized 1H NMR and GC-MS data. The metabolomics data was analayzed both as 

individual dataset as well as a combined dataset based on both 1H NMR and GC-MS 

metabolites. Data was further mean centered and specied for human analysis.  

 

Results 

Development of Symptoms, Physical Performance and Body 

Measures Over Time 
The results of the 12-week lifestyle intervention program comparing the immediate 

and the delayed intervention groups have previously been published [349]. Of interest 

to the present study, we compared the variation in symptom ratings, physical 
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performance and body measures in all participants from baseline (T1) to intervention 

program completion at 12 months (T5) as such changes are likely to influence the 

serum metabolome.  

 

T2 represents 3 months after baseline and the time point immediately following 

cancer treatment for all participants. Not surprisingly, we found that self-rated 

symptoms, such as total disturbance, appetite and tiredness increase from T1 to T2 to 

later improve and become comparable or even improved compared to T1 

(Supplementary Figure 3). Similar results were found for the FACT head and neck 

symptom index (FHNSI) [357]. Physical performance, including hand grip strength, a 

6 min walking test and a sit-to stand test as well as time spent being physically active 

(min/week) showed a non-significant decrease at T2 and later improved to become 

significantly higher at T4 and/or T5 compared to earlier measurements 

(Supplementary Figure 4). All body measures decreased with time and BMI, waist 

circumference, waist:hip ratio and body fat percentage remained lower at the end of 

the study compared to T1 (Supplementary Figure 4). Other body measures, such as 

chest circumference, total body mass, hip circumference and lean mass increased after 

T2 or T3 to become comparable to T1 at T4 and/or T5. The average participant lost a 

total of 8.3 ±9.1%, 19.9 ±18.7% and 3.8 ±5.4% of their baseline body mass, fat mass 

and lean mass, respectively, yet there was great variability in results.  

 

It is important to note that participant adherence (including providing fasting serum 

samples and participation in exercise intervention) decreased over time and that the 

results reported for T1-T5 are based on different numbers of participants. Since intra-

individual differences could potentially confound the data, we also analyzed the 
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participants that had completed the requirements at all five time points separately. 

Results were comparable to those seen with all participants included in the analysis. 

Differences Between Nonsurvivors and Survivors At T1 and 

Over Time 
Ten participants deceased within 13 months after study completion, representing 2 

years and 3 months past diagnosis on average, and were classified as nonsurvivors. 

These participants were HPV-negative to a higher extent (p<0.01) and had a higher 

waist:hip ratio (p<0.05), lower physical work ability (p<0.05) and total work ability 

(p<0.05) at T1 compared to all survivors (Table 11, Figure 12). In addition, 

nonsurvivors rated a lower and poorer overall FHNSI score as well as FHNSI scores 

specific for treatment side effects and drug-resistant Streptococcus pneumoniae at 

baseline.  
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Figure 12. Differences in physical performance, self-rated symptoms, wellbeing 

and body measures between nonsurvivors (black dot, solid line), matched 

survivors (black dot, dashed line) and all survivors (black diamond, dashed line) 

over time. A. total work ability B. physical work ability C. total FHNSI score D. 

drug-resistant S.Pneumoniae-specific FHNSI score E. treatment-specific side effects 

FHNSI score F. nausea G. anxiety H. wellbeing I. waist:hip ratio J. lean mass K. 

total grip strength L. right hand grip strength M. percent body fat. All variables were 

assessed at baseline (T1) and every three months until study completion at 12 months 

(T5). Statistical significant differences for nonsurvivors compared to survivors (*) and 

matched survivors (†) are indicated. 
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Variable  

Nonsurvivors Matched survivors All survivors 

Range (average, SD) Range (average, SD) Range (average, SD) 

HPV status (Negative, N or Positive, P) N= 90%, P= 10%** N= 88%, P= 13%‡‡ N= 36%, P= 64% 

T1 Waist:hip ratio 0.86-1.3 (1.0, 0.14)* 0.91-1.1 (1.0, 0.055) 0.76-1.1 (1.0, 0.070) 

T1 Work ability (0-10, 0=worst) 2-9 (5.1, 2.7)* 3-10 (8.0, 3.1) 1-10 (7.5, 2.9) 

T1 Physical work ability (0-10, 0=worst) 1-5 (3.1, 1.8)* 2-5 (4.3, 1.4) 1-5 (4.2, 1.2) 

T1 FHNSI, total (higher being better) 45-86 (59.9, 12.9)* 43-84 (68.2, 13.3) 30-88 (70.3, 11.1) 

T1 FHNSI, drug-resistant S.Pneumoniae 19-42 (27.8, 7.2)* 20-41 (33.1, 7.2) 16-44 (34.6, 6.7) 

T1 FHNSI, treatment side effects 16-28 (21.8, 4.1)* 18-28 (23.5, 3.8) 13-28 (24.5, 3.3) 

T2 Lean mass (kg) 51.0-70.7 (59.5, 6.0)*† 46.4-57.6 (51.8, 4.3) 32.9-70.7 (51.6, 9.0) 

T4 Grip strength, total (kg) 91-115 (100.2, 10.1)* 54-107 (84.7, 20.3) 54-115 (84.1, 16.9) 

T4 Grip strength, right hand (kg) 49-60 (52.6, 4.4)* 18-55 (42.4,13.4) 18-60 (43.0, 9.6) 

T4 Percent body fat (%) 12.0-23.1 (18.7, 4.6)† 19.7-32.4 (25.1, 4.2) 9.6-38.6 (23.3, 6.9) 

T5 Nausea (0-10, 0=best) 0-1 (0.25, 0.5)** 0-0 (0, 0) 0-0 (0, 0) 

T5 Anxiety (0-10, 0=best) 0-4 (2.3, 1.7)† 0-1 (0.17, 0.41) 0-6 (1.1, 1.8) 

T5 Wellbeing (0-10, 0=best) 2-2 (2, 0)† 0-2 (0.67, 0.82) 0-6 (1.5, 1.9) 

T5 Percent body fat (%) 14.3-23.1 (19.0, 4.3)† 20.2-33.5 (26.6, 5.1) 11.2-38.8 (24.2, 6.9) 

    

Table 11. All patient characteristics and symptoms that were different when 

comparing nonsurvivors, all survivors and matched survivors at any given time 

point (T1-T5). Statistically significant differences between nonsurvivors and all 

survivors (*) and matched survivors (†) as well as difference between matched and all 

survivors (‡) are indicated.  

The total work ability improved from T1 to T5 in the nonsurvivor group and was 

comparable to survivors from T2 and onwards (Figure 12). The change in work 

ability from T1 to T5 was significantly greater in nonsurvivors in comparison with 

survivors (p<0.05). Similarly, the greater waist:hip ratio for nonsurvivors at T1 was 

completely abolished by T2, with a significantly greater reduction in the waist:hip 
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ratio from T1 to T5 in nonsurvivors compared to survivors (p<0.01). Nonsurvivors 

also had a greater lean body mass (p<0.05) at T2, and showed at the end of the study a 

greater right hand and total hand strength (p<0.05) but also a higher rated nausea 

(p<0.01) (Table 11). Similar findings were found for the nonsurvivor and the survivor 

groups that had completed all time point requirements (data not shown).  

 

Comparison Between Nonsurvivors and Matched Survivors 
In order to account for HPV status and differences in cancer and patient 

characteristics, nonsurvivors were matched with survivors based on gender, age, 

cancer diagnosis, weeks since diagnosis, first occurrence or recurrent tumor, cancer 

stage, HPV status, cancer treatment and T1 body measures (Table 12). Matched 

survivors were representative of all survivors and were only different with regards to 

HPV status, as intended.  
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Status Gender Age Weeks* Cancer diagnosis Occurrence Stage HPV Status Chemotherapy Surgery BMI WC HC W:H BF% Lean mass 

Nonsurvivor Male 41 7.1 Oral First 4 Negative X X 27.7 104.5 100.4 1.04 24.4 62.9 

Best match Male 55 12.7 Oral First 4 Negative 

 

X 36.1 125 119.2 1.1 34 69.3 

Nonsurvivor Male 57 6.9 Major salivary glands First 4 Negative 

  

28.2 93.9 98.3 0.96 25.3 55.2 

Best match Male 57 5.4 Major salivary glands First 4 Negative 

 

X 25.5 99.8 99 1.01 25.6 58.6 

Nonsurvivor Female 66 16.7 Oral First 4 Negative 

 

X 18.4 74.8 87.1 0.86 30.2 32.7 

Best match Female 68 10.1 Oral First 4 Negative 

 

X 32.4 108.7 118.8 0.91 41.7 47.9 

Nonsurvivor Male 57 4.1 Oropharyngeal First 4 Positive X 

 

31.5 118.3 104.4 1.13 26.9 75.7 

Best match Male 56 6.9 Oropharyngeal First 4 Positive X 

 

29.3 100.2 97.7 1.02 26.1 57.3 

Nonsurvivor Male 37 14.0 Oropharyngeal First 4 Negative X X 23.8 82.3 91.2 0.9 14.5 62.7 

Best match Male 68 6.6 Oropharyngeal First 4 Negative X X 25.7 99.3 103.1 0.96 27 51.5 

Nonsurvivor Male 37 5.9 Nasopharynx First 4 Negative X 

 

24 89.5 98.7 0.91 26.6 56.7 

Best match Male 39 5.0 Nasopharynx First 3 Negative X 

 

29.7 108.4 111.4 0.97 23 77.5 

Nonsurvivor Male 65 19.0 Unknown primary Recurrent 4 Negative 

 

X 31.3 163.2 124.2 1.31 34.7 74.8 

Best match Male 55 6.9 Unknown primary First 4 Negative 

 

X 25.6 95.7 95.4 1 24.3 50.6 

Nonsurvivor Male 62 11.0 Oropharyngeal First 4 Negative X 

 

27.5 98.5 102.8 0.96 17.2 68.7 

Best match Male 68 6.6 Oropharyngeal First 4 Negative X X 25.7 99.3 103.1 0.96 27 51.5 

Nonsurvivor Male 72 5.9 Larynx/ hypopharynx First 2 Negative 

  

32.5 120.9 104 1.16 29.6 66.4 

Best match Male 58 1.1 Larynx/ hypopharynx First 2 Negative 

  

29.6 102.3 101.9 1 28.3 55.3 
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Nonsurvivor Male 63 2.4 Oropharyngeal First 4 Negative X 

 

29 111 102.4 1.08 36.6 53.2 

Best match Male 68 6.6 Oropharyngeal First 4 Negative X X 25.7 99.3 103.1 0.96 27 51.5 

 

Table 12. T1 Characteristics for nonsurvivors and their respective best matched survivor. Nonsurvivors were first matched for gender, 

cancer diagnosis and HPV status, as well as age, weeks since diagnosis (*referred to as ‘weeks’), occurrence, cancer treatment and baseline body 

measurements when possible. All participants underwent radiation treatment.  
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No differences were seen at T1 for nonsurvivors and matched survivors. Instead, lean 

mass was higher for nonsurvivors compared to matched survivors at T2. 

Nonsurvivors also had significantly lower body fat percentage at T4 and at T5 and 

higher anxiety and poorer overall well being at T5 compared to matched survivors 

(Figure 12). Nonsurvivors with perfect adherence also rated a higher pain at T3 

compared to their matched survivors. Otherwise, the results for participants with 

perfect adherence and all nonsurvivors and matched survivors were comparable. 

 

Notably, there were no differences in the loss of lean mass, fat mass or total body 

mass between nonsurvivors and matched survivors (or all survivors) at any time point. 

Moreover, no differences were seen between any groups, at any time point or change 

over time (T1-T5) for variables such as age, gender, cancer diagnosis, weeks since 

diagnosis, cancer stage, treatment type, randomization to immediate or delayed 

lifestyle intervention, smoking status, socioeconomic status, balance, physical 

performance, or for symptom ratings for tiredness, drowsiness, shortness of breath, 

depression or appetite (data not shown).  

 

Nonsurvivors Have a Unique Metabolite Profile Compared 

to Survivors at Baseline 
We next sought to identify a serum metabolite profile that was associated with 

survival as such a signature could indicate a role for metabolites as prognostic 

biomarkers for HNC patients. The serum metabolite profile of nonsurvivors differed 

greatly from the serum metabolome of matched survivors (Figure 13, 

Supplementary Figure 5). This is seen as early as at baseline and lasts until the final 

assessment at 12 months. ROC curves for 1H NMR, GC-MS and the combined dataset 
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had AUROC, specificity and sensitivity values of 1.0, attesting to both the great 

metabolic difference between nonsurvivors and matched survivors (data not shown). 

However, it also reflects to some extent the relativly small sample size, particularly at 

the later time points. Of note, all multivariate models in this Chapter had undergone 

permutation testing, which resulted in negative Q2 intercepts i.e., assuring a high 

robustness of each model (Supplementary Table 7). However, there was one 

exception; the model for T3 and the combined dataset. This is likely linked to the fact 

that no model could be created for T3 using the 1H NMR data.  

 

 

Figure 13. Score scatter plots based on VIP>1 metabolites for the comparison of 

nonsurvivors (dot) and best matched survivors (circle) at T1 for A. 1H NMR 

(R2= 0.81, Q2= 0.77) B. GC-MS (R2= 0.98, Q2= 0.71) and C. the combined dataset 

of 1H NMR and GC-MS data (R2= 0.80, Q2= 0.58) . The OPLS-DA plots show the 

PLS component and the first OPLS-DA component and have the 95% confidence 

interval indicated by the ellipse (A and B) whereas the PLS-DA plot (C) only have 

one PLS component. Each dot/circle represents on sample from one participant. 

At T1, 1H NMR metabolites arginine and creatine were lower in nonsurvivors 

whereas 2-hydroxybutyrate and 3-hydroxybutyrate were higher compared to matched 

survivors (Supplementary Table 8). 3-hydroxybutyrate was also higher in the GC-
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MS dataset at T1, together with glucuronic acid monophosphate, oleic acid, linoleic 

acid and 3 unidentified metabolites (Supplementary Table 8). Ornithine, glutamine, 

allose bisphosphate, fructose bisphosphate, aspartate, citrate, fumarate, 2-

aminobutyrate, galactonic acid, ketoleucine and 4 unidentified metabolites were lower 

in nonsurvivors at T1. No FAME, interleukins or inflammatory mediator proteins 

were different at any time point for nonsurvivors compared to matched survivors or 

all survivors after adjusting for multiple comparisons.  

Pathway analysis did not result in any statistically significant pathway after adjusting 

for multiple comparisons. However, there were pathways that had significant 

unadjusted p-values (p<0.05) for the 1H NMR, the GC-MS and the combined dataset. 

‘Synthesis and degradation of ketone bodies’, ‘butanoate metabolism’ and 

‘propanoate metabolism’ was identified using all three datasets.  

 

Of note, the combined dataset of metabolites, interleukins and inflammatory mediator 

proteins included very few nonsurvivors and matched survivors, as a result of missing 

data for one of the three methods used (1H NMR, GC-MS and the assay for 

interleukins and proteins), which warranted their exclusion. The supervised 

multivariate statistical models were based on very few participants (1 and 4 

nonsurvivor(s) for T2 and T1, respectively) and were highly overfit and thus 

concluded to be unreliable.  

 

The Serum Metabolite Profile of Survivors Over Time 
The metabolite profile of nonsurvivors and survivors evolved over time but remained 

distinct for each group (Supplementary Table 6). This is likely to be at least partly 

dependent on the cancer treatment as well as the changes in body weight, body 
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composition and physical performance, as previously discussed. Indeed, for 1H NMR, 

higher similarity was seen for T2-T5 (after cancer treatment) compared to T1 (before 

cancer treatment) (Supplementary Table 8). Despite this, creatine was lower in 

nonsurvivors for T1-T4 (VIP>1) and 3-hydroxybutyrate was found higher at T1 as 

well as T4. Alanine, glutamine and tyrosine were lower in nonsurvivors from T2 to 

T5. For GC-MS, the metabolite profile showed relatively little change over time and 6 

metabolites were found to be consistent for T1 and T5; lower allose and higher 

glucoronic acid monophosphate, linoleic acid, oleic acid and 2 unknown metabolites 

in nonsurvivors (Supplementary Table 8). The finding of higher 3-hydroxybutyrate 

at T1 and T4 was seen together with higher concentrations of other ketone bodies i.e., 

acetoacetate at T1 and acetone at T4 for the combined dataset (Table 13). The uni-

variate statistical analysis comparing nonsurvivors with matched and all survivors at 

all time points only resulted in one metabolite after correction for false discovery rate: 

an unknown GC-MS identified metabolite (RT= 16.0, ions= 103, 157, 204, 233 and 

319) that was 2.0 times higher in matched survivors compared to nonsurvivors (T3 

and T4). However this unknown metabolite was also lower (VIP>1) in survivors at T1 

and T2 (Table 13). 
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T1 T2 T3 T4 T5 

Lower in nonsurvivors 

RT=23.7, ion=209* 

 

2-Aminobutyrate* 

 

RT=16.0, ions=103, 

 

Lactate** 

 

Lactate** 

Creatine** RT=7.0, ions=133, 157, 204, 233, 319* Creatine phosphate** RT=14.5, ions=159 

RT=13.5, ion=295* 147, 160, 220, 235* Glucopyranose * RT=29.0, ion=605* 247, 260, 305, 318* 

Pyruvate* RT=13.5, ion=295* RT=15.6, ions=117, RT=28.9, ion=605* Erythronic acid* 

Hydroxylamine * Formate** 129, 191, 204, 217* Glutamate** Glutamate** 

Allose BP* Pyroglutamic acid* RT=20.5, ions=204 Glucopyranose [-H20]* Alanine** 

RT=7.0, ions=133, Lysine** 243, 271, 361, 436* Cystine ** Tyrosine** 

147, 160, 220, 235* RT=8.6, ions=163, Lysine ** Proline** Serine* 

Valine* 211, 226, 256* 2-oxo-isocaproic acid BP* Valine** Methanol** 

Lactate* RT=8.2, ion=190* RT=20.1, ions=169, Citrate* Glucopyranoside, 

Citrate * Methionine** 191, 217, 331, 361* 5-methyl-Cytosine* 1-O-methyl,beta-D* 

Arginine** Glutamine* Glycerol** Glucuronic acid MP* Phosphoric acid * 

RT=15.5, ions=169, Allo-threonine* Erythronic acid * Isocitric acid * Allose BP* 

217, 243, 332, 361** Glucose** Arginine** RT=16.0, ions=103, Glucose** 

Glutamine** Glutamine MP** Ethanolamine* 157, 204, 233, 319* Serine* 

Ornithine* Leucine** Glucuronic acid MP* Glucose** Acetate** 
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Fructose BP** Glutamine** Fumarate* Acetate** Allo-threonine* 

RT=10.8, ions=131, Serine* RT=14.5, ions=159, Methionine ** RT=18.1, ions=103, 

207, 221, 262, 350* RT=12.4, ion=142, 247, 260, 305, 318* Glutamate* 217, 357, 383, 424* 

Lactate* 204, 216, 243, 348* Fructose BP* Arginine [-NH3]* RT=19.1, ions=156, 

2-oxo-isocaproic acid BP* Glycine** Sorbose MP* Formate** 217, 343, 415, 446* 

Ornithine** Alanine** RT=19.1, ions=156 Leucine** Creatine** 

Leucine** Butyrate** 217, 343, 415, 446* Sucrose* Galactose BP* 

RT=29.0, ion=605* Phenylalanine** Pyruvate** Glycerol** Lysine ** 

Ethanol** Isoleucine**  Aspartate Valine ** 

RT=12.4, ion=142, RT=29.1, ion=606*  2-oxo-isocaproic acid BP* RT=16.2, ions=305, 

204, 216, 243, 348* Urea*  RT=8.2, ion=190* 333, 393, 408, 449* 

 Carnitine**  Allose BP* Ornithine** 

 Arginine [-NH3]*  RT=12.4, ion=142, Glycine** 

   204, 216, 243, 348 * Glucuronic acid MP* 

   Tyrosine** RT=15.7, ions=143, 

   Asparagine** 190, 292, 319, 332* 

   Creatine**  

   Ethanolamine*  

   Tyrosine**  
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   Erythronic acid *  

   Alanine**  

   RT=15.5, ions=169,  

   217, 221, 262, 350*  

   Isoleucine**  

   RT=20.1, ions=169,  

   191, 217, 331, 361*  

   Galactose MP*  

   Lysine**  

 

T1 T2 T3 T4 T5 

Higher in nonsurvivors 

Sucrose* RT=29.0, ion=605* RT=15.7, ions=143,  Ethanol** Glutamine** 

Valine ** Mannose BP* 190, 292, 319, 332* Serine ** Phenylalanine** 

RT=21.8, ion=369* RT=18.1, ions=103,   Galactose BP* RT=23.7, ion=209* Carnitine** 

RT=15.7, ions=143,  217, 357, 383, 424* Ethanol* Phosphoric acid * Myo-inositol* 

190, 292, 319, 332* Creatine** Psicose MP* 3-Hydroxybutyrate** Methionine* 

RT=16.0, ions=103,   RT=28.9, ion=605* 2-Aminobutyrate* Citrate** Serine ** 

157, 204, 233, 319* Tyrosine** Glucopyranoside,  Acetone** Methionine** 
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RT=12.6, ions=117,   Ornithine** 1-O-methyl-, beta-D*   2-Aminobutyrate*  

204, 217, 256, 291* Methionine ** RT=17.3, ion=317*   2-oxo-isocaproic acid BP* 

RT=20.1, ions=169,  Sucrose * Serine*   Mannose BP* 

191, 217, 331, 361* Valine** RT=6.4, ion=143*   Isoleucine** 

Phosphoric acid * Gluconic acid-  Asparagine **   Fumaric acid* 

RT=8.6, ions=163,  1,4-lactone* RT=23.3, ions=173,    Galactose MP* 

211, 226, 256* RT=13.0, ions=100,  246, 263, 297, 331*   Glycine** 

2-Aminobutyrate*  243, 317, 345, 360* RT=12.6, ions=117,   Glutamine [-H2O] MP* 

RT=16.2, ions=305, Ethanol** 204, 217, 256, 291*   Altrose MP* 

333, 393, 408, 449* Glycerol** Allose BP*   Ethanolamine * 

Erythronic acid* RT=16.0, ions=103,  Phosphoric acid *   RT=13.3, ion=84, 156,  

Linoleic acid* 157, 204, 233, 319 RT=13.5, ion=295*   230, 258, 362 * 

2-Aminobutyrate** Isocitric acid * Glucose MP*   Gluconic acid-  

Citrate** Erythronic acid * RT=16.2, ions=305,    1,4-lactone* 

Fumarate * Cystine ** 333, 393, 408, 449*   Linoleic acid* 

Glutamate * Glucopyranoside,  RT=8.6, ions=133, 147,  Oleic acid* 

Acetoacetate** 1-O-methyl-, beta-D-* 160, 220, 235*   Glycerol** 

Oleic acid* Asparagine** Linoleic acid*   Butyrate** 

3-Hydroxybutyrate* Dehydroascorbic acid,  Gluconic acid-    RT=15.6, ions=15.6,  
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3-Hydroxybutyrate** dimer MP* 1,4-lactone*   117, 129, 191, 204, 217* 

    Oleic acid*     

    RT=21.8, ion=369*     

    RT=23.4, ions=217,      

    239, 354, 361, 450*     

	  	     Acetate** 	  	     

Table 13. VIP>1 metabolites derived from multivariate statistical analysis for nonsurvivors compared to matched survivors at every 

time point based on the combined dataset of metabolites. Metabolomics approach of detection i.e., GC-MS (*) and 1H NMR (**) is indicated 

for each metabolite. Unknown metabolites are presented with the measured retention time (RT) and identifying ions. Metabolites are listed 

according to VIP value, from lowest to highest. Abbreviations are as follows; BP, biphosphate; MP, monophosphate. 
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Discussion 

HNC patients experience a broad range of symptoms associated with the location of 

the tumor as well as the cancer treatment. These include trouble swallowing, change 

in taste, reduced production of saliva, reduced appetite, nausea, dizziness, tiredness, 

pain and depression. Nutritional support has been associated with fewer symptoms 

and adverse effects of the cancer treatment, more days of uninterrupted cancer 

treatment as well as an improved quality of life [358]. Proper nutrition can 

furthermore help patients regain lost body mass caused by a reduced caloric intake, 

however nutrition alone is unable to reverse cancer cachexia and has no impact on 

survival [359, 360]. In the present study we matched nonsurvivors and survivors in 

terms of clinical parameters at baseline. The major finding of this study consisted of a 

unique serum metabolite profile at baseline for nonsurvivors compared to matched 

survivors. This suggests that these serum metabolites may be predictive of survival in 

HNC patients prior to the manifestation of clinical symptoms and thus showing 

potential as a prognostic biomarker.  

 

Recent reports have shown improvement in HNC survival rates, with an average of 

65.9% of all patients surviving five years past diagnosis [361]. The lowest 5-year 

survival rates were found for hypopharyngeal cancer at 33.8%. The higher survival in 

HNC compared to other cancer populations attest to the great need for strategies to 

improve the quality of life in HNC survivors. Important outcomes include the ability 

to return to work, being able to perform activities of daily life as well as mental and 

emotional wellbeing. The present study was designed to provide HNC patients with 

the support and means to maintain and regain muscle mass as well as to improve on 

quality of life through physical activity, nutrition as well as behavioral and emotional 
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support [347]. Indeed, multimodal approaches may be better suited to combat cancer 

cachexia and anorexia in cancer patients [362]. The HNC patients in this study lost 

lean mass after the cancer treatment, when they also rated their symptoms at its 

highest. However, the lean mass later increased to become comparable to T1 by the 

end of the study. The regain of lean mass after cancer treatment was associated with 

improvements in the self-reported symptom ratings as well as an increase in time 

spent being physically active. In fact, HNC patients spent more time being moderately 

(all participants) and vigorously active (participants with perfect T1-T5 adherence) at 

the end of the study compared to baseline. This is noteworthy as physical activity 

tends to decrease in HNC patients after the cancer diagnosis [363]. Nevertheless, 

nonsurvivors had less body fat compared to matched survivors and rated a higher 

level of anxiety and poorer overall wellbeing by the end of the study. 

 

Despite the improvements in the overall survival in HNC populations, HNC remains a 

deadly disease. In the present study, 10 out of 56 of our study participants deceased 

within 25 months of study baseline, representing two years and three months post 

diagnosis on average. The identification of early biomarkers of survival and treatment 

response could help decision making for both clinicians and patients. In the present 

work we identified several baseline factors that were associated with survival. 

Importantly, nine out of ten nonsurvivors were HPV-negative, which is consistent 

with previous reports showing that HPV-positive HNC patients have better survival 

[364, 365]. Others have furthermore shown that there is a great difference in the 

tumor genomic profile based on HPV-status, with a higher prevalence of mutations in 

HPV- tumors, associated with the HNC risk factors, smoking and alcohol [366]. We 

also found that nonsurvivors had poorer self-rated FHNSI scores (total, physical work 
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ability and drug-resistant S.pneumoniae FHNSI scores) and had a higher waist:hip 

ratio at baseline compared to all survivors. The FHNSI has been found to be a reliable 

symptom index that well describes symptoms in HNC patients [357]. Nausea was also 

rated higher in nonsurvivors when only selecting for participants with perfect 

adherence. However, only nausea remained significantly different at later time points. 

Moreover, no differences were seen between survivors and nonsurvivors at T1 after 

matching for HPV status as well as cancer and patient characteristics. Thus, the 

prognostic value of these factors remains to be established.  

 

There are only a limited number of metabolomics studies reported for HNC to date; 

only one article was found to study a variety of HNC [367], whereas the remaining 

six focused on oral carcinomas [368-373]. In these studies, the sample sizes were 

generally small, ranging from 5-37, with one exception of a study of 105 participants 

(52 smokers and 53 nonsmokers) [374]. There was also great variability in the type of 

study question, biospecimen and metabolomics approach that was addressed and 

chosen. For example, none of these studies investigated survival, however, one study 

compared fasting serum samples of patients with oral cancer after the first night of 

hospitalization and 2-3 weeks after having initiated chemotherapy [374]. In this study 

[374] 3-hydroxybutyrate, glycerol and fatty acids were higher and glucose was lower 

post chemotherapy. In our study we had similar findings i.e., higher levels of ketone 

bodies (3-hydroxybutyrate, acetoacetate and acetone), glycerol and the two fatty acids 

oleic acid and linoleic acid (assessed by GC-MS aqueous fraction) in combination 

with the lower serum concentrations of creatine and glucose. Glycerol and glucose 

concentrations only became significant after cancer treatment, however the higher 3-

hydroxybutyrate, oleic acid and linoleic acid and the lower creatine levels had been 
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detected already at T1, prior to the initiation of the chemotherapy treatment. It is thus 

possible that both the presence of the cancer as well as the cancer therapy contributed 

to these metabolite profiles. Indeed, loss of fat mass, as indicated by the higher level 

of ketone bodies, glycerol and fatty acids, as well as loss of lean and total body mass 

can be enhanced and/or driven by chemotherapy, but is also commonly observed in 

HNC patients at time of diagnosis/prior to chemotherapy and other cancer treatments 

[375]. The higher concentrations of metabolites that associate with lipid metabolism 

in combination with the lower creatine concentrations may furthermore indicate that 

nonsurvivors used body fat while survivors used muscle protein to a higher extent to 

fulfill energy demands. The pathway analysis furthermore identified ketone bodies as 

one of the candidate pathways for nonsurvivors compared with survivors, albeit no 

pathway reached statistical significance. Yet, no differences were found between 

nonsurvivors and survivors with regard to the loss of fat mass, lean mass or total body 

mass. The glycerol concentrations may furthermore have been partly influences by 

the glycerol content in the centrifugal filters used prior to the NMR experiments, 

however all filters were washed using the same protocol and in batches of 24 filters. It 

is also possible that a longer follow-up time may have revealed changes in body mass 

and/or composition that only became evident with time. In other words, the presence 

of cachexia and/or anorexia may have presented at later time points. Moreover, the 

smaller sample size may have limited the detection of differences in body 

composition between survivors and nonsurvivors as the inter-individual differences 

were large for fat mass, lean mass as well as total body mass. Unfortunately, we did 

not find any differences in the serum levels of IL-1 β, IL-6 or IL-8 or TNF or CRP 

which commonly are elevated with cachexia and which could have provided further 

insight [359].  
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All multivariate models underwent permutation testing that resulted in the assurance 

of their validity, with one exception of the combined dataset at T3, for this HNC 

population. Yet, the findings of the present study need to be validated in other HNC 

cohorts, preferably in a larger prospective study. Although the size of our study was 

larger than most metabolomics studies of cancer patients [102], the relatively short 

follow up (2 years and 1 month) limited the number of identified nonsurvivors (and 

hence matched survivors). A greater sample size should reduce the influence of 

confounding effects on the metabolome as well as reduce the impact of inter-

individual variations. Because of the lower incidence of HNC in developed countries, 

multi-location collaborations and longer recruitment time may be required in order to 

enroll a greater study population in North America or Europe. Lastly, although it is 

possible that the present study protocol had a favorable impact on survival, this was 

not evaluated as all participants that were analyzed underwent the diet and exercise 

intervention. However the benefits and challenges of physical activity for HNC 

patients has been previously discussed by us [363] and others [376, 377]. 

 

Conclusion 
The serum metabolomics analysis revealed a specific metabolic signature that 

differentiated between nonsurvivors and survivors at baseline. This was seen in spite 

of the fact that these patients had comparable clinical characteristics as well as similar 

losses of body mass, fat mass and lean mass over the 12 month study period. This 

indicates that serum metabolites may have potential as prognostic biomarkers that can 

complement current clinical practice. The metabolite profile may also have reflected 

early changes in fuel utilization, body composition and body mass loss. Future work 
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investigating the altered metabolic pathways in nonsurvivors compared to survivors 

may provide a deeper insight into the causes of mortality as well as suggest novel 

therapeutic targets 
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CHAPTER 6: EVALUATION OF THREE 

METABOLOMICS APPROACHES IN A MULTIMODAL 

PILOT STUDY OF OVARIAN CANCER IN CANADIAN 

WOMEN 

 

Introduction 

OC is a highly complex and heterogeneous disease. It is the 7th most common cancer 

in women worldwide and the 8th most common cause of death, making it the most 

lethal gynecological disease [378]. Women with a family history of breast or OC 

and/or with mutations in the BRCA1 or BRCA2 genes, that smoke or have undergone 

hormone replacement therapy are at increased risk of developing OC [137, 162]. In 

contrast, there is evidence that the number of full-term pregnancies, breastfeeding and 

the use of oral contraceptives have protective effects [137]. Since early-stage OC is 

usually non-symptomatic and since typical late-stage OC symptoms are often vague 

and non-specific, tumors are often detected too late when they are metastatic, leading 

to an overall 5-years survival rate of 45% [137, 162]. Despite considerable efforts, no 

screening test has been able to detect early stage OC to date [137, 162].  

 

There are four major challenges in the clinic with regard to OC detection, diagnosis 

and prognosis. In addition to an urgent requirement for methods that allow for early-

stage detection of ovarian tumors, biopsies are required to determine if tumors are 

malignant or benign. The recurrence of OC is high and tumors often develop 
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resistance to cisplatin, the most commonly used chemotherapeutic agent for OC, and 

both events remain difficult to predict [379]. Thus, there is a great need for minimally 

invasive approaches that can complement current clinical practice. 

 

Metabolomics has the potential to detect novel biomarkers that are readily accessible 

in body fluids, such as serum, plasma and urine, making it a potentially attractive 

diagnostic and prognostic tool. Combining a panel of selected metabolites with the 

currently available clinical markers (e.g., CA-125) could enhance both the sensitivity 

and specificity of a blood test that could be used in combination with the physical 

examination. 

 

At the present time, human metabolomics studies suggest that blood and urine 

metabolic signatures of women with OC are different from healthy controls [380-387] 

and women with benign tumors [382, 383, 386, 388-391] and other types of cancer 

[380, 381, 392, 393]. Two studies have also concluded that metabolites from OC 

tissue differ from ovarian borderline tumors [394] and are predictive of recurrence 

[395]. However, there were few similarities between reported metabolite profiles 

across these studies, possibly due to the use of different cancer subtypes, body fluids 

and metabolomics platforms and the influence of risk factors and other participant and 

cancer characteristics. 

 

In this chapter we evaluate the advantages, disadvantages, similarities and differences 

of three commonly applied metabolomics platforms (1H NMR, GC-MS and FIA-

MS/MS) in a case-control study of OC patients and age, region and gender matched 

healthy controls. We also evaluate the overall metabolite profiles for OC and risk 
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factors and search for potential OC biomarkers. Specifically, metabolomics 

approaches were evaluated based on the number of metabolites detected, coverage of 

metabolite classes, consistency between data sets and the performance of respective 

multivariate statistical models. We also evaluated the benefit of combining the 

metabolomics results obtained by the three methods and show that the majority of 

OC-associated metabolites also were associated with one or numerous risk factors. 

 

Methods and Materials 

Patient Data and Sample Collection 
This study was part of the Ovarian Cancer in Alberta (OVAL) study [396] and 

approved by the Conjoint Health Research Ethics Board at the University of Calgary. 

All participants provided written informed consent.  

 

31 OC patients and 31 age, gender and region (Calgary, Alberta, Canada) matched 

healthy controls provided a serum sample and completed a questionnaire regarding 

risk factors (Table 14). The questionnaire determined 1) if women had ever been 

pregnant; 2) the number pregnancies; 3) ever use of contraceptives and 4) current use 

of contraceptives. Moreover, participants were asked to classify menopausal status 

based on 14 predefined options classifying 8 women as premenopausal, 7 as 

perimenopausal or possibly menopausal, 24 as naturally post-menopausal, 14 with 

induced menopause through removal of ovaries, radiation, hormonal treatment or 

other medication and 9 as either ‘other’ or with missing information.  
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  OC patients Matched healthy controls p 

Age 46-79 (58, 9.4) 42-79 (58, 10.0) 0.92 

Ever pregnant yes= 87.1%, no= 12.9% yes= 90.3%, no= 6.5%, other= 3.2% 0.42 

Number of pregnancies 0-5 (2.3, 1.3) 0-7 (2.7, 1.8) 0.27 

Breastfeeding yes= 67.7%, no= 32.3% yes= 45.2%, no= 38.7%, other= 16.1% 0.29 

Menstrual status 

 

1= 19.4%, 2= 12.9%, 3= 35.5%,  

4= 22.6%, 5= 9.7% 

1= 6.5%, 2= 9.7%, 3= 41.9%,  

4= 22.6%, 5= 16.1%, other= 3.2% 0.15 

Ever use of  

contraceptives yes= 93.5%, no= 6.5% yes= 93.5%, no= 3.0%, other= 3.2% 0.58 

Current use of  

contraceptives  yes= 74.2%, no= 19.4%, other= 6.5% yes= 83.9%, no= 9.7%, other= 6.5% 0.28 

    

Table 14. Characteristics and comparison of OC patients and matched healthy 

controls. Menstrual status was defined as follows premenopausal (1), perimenopausal 

or possibly menopausal (2), natural menopause (3), induced menopause (4) and other 

or unknown (5). Other refers to unknown reasons or other.  

 

Serum metabolomics analysis 
Serum samples were stored at -80 °C prior to analysis and thawed on ice at the time 

of analysis.  

 
1H	  NMR	  

Low molecular-weight compounds were separated from larger molecules (e.g., 

proteins) using a 3-kDa Nanosep centrifugal filter. Each thawed serum sample was 

centrifuged for a total of 105 min at 16,000 rpm with 100 µL D2O added to the filter 

and analyzed as previously described [150]. In brief, the final volume of the filtrate 



 

 149 

was brought up to 650 µL, using dimethyl-silapentane-sulfonate (DSS)-containing 

sodium phosphate buffer (130 µL, 0.1 M), the antibacterial compound sodium azide 

(NaN3) (10 µL of 1 M) and D2O. In addition, NaOH and HCl were used to adjust the 

pH to 7 ± 0.01. Samples were coded with sample ID and prepared and analyzed in a 

randomized order. 1H NMR spectra were acquired using a standard pulse program 

(prnoesy1d) on a Bruker Avance 600 spectrometer (600.22 MHz, 297K 5 mm TXI 

Probe). Shimming, tuning, locking, phasing and pulse length optimization was 

performed for the first sample in each batch using TopSpin software. Each sample 

was then processed using Chenomx NMR Suite 7.5 software (Chenomx Inc., Canada) 

i.e., line broadening (0.5 Hz), baseline and phase correction, water region deletion and 

shimming. Quantitative profiling was performed using the NMR Suite profiling 

module (Chenomx Inc, Canada) and the spectra were profiled in a blinded and 

randomized order. The Chenomx library and the human metabolome database 

(www.hmdb.ca) aided metabolite identification.  

 

GC-‐MS	  	  

Metabolites were extracted, and the aqueous and the lipid fraction were separated, 

using a previously described methanol: chloroform extraction procedure [397]. The 

internal standard d-25-tridecanoic acid (200 µg/ mL) was added to all samples 

including pooled QC (n= 20) prior to metabolite extraction. Aqueous fraction samples 

were placed in a centrifugal evaporator (SpeedVac, Eppendorf, Germany) for 9 hours 

and left to evaporate to dryness overnight. The dried aqueous fraction samples were 

then derivatized using methoxylamine-hydrochloride in pyridine (50 µL, 20 mg/mL) 

at 37 °C for 150 min to derivatize carbonyl groups and silylated using N-Methyl-N-

(trimethylsilyl) trifluoroacetamide (MSTFA; Sigma-Aldrich, Canada (Oakville, 
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Ontario, Canada)) at 37 °C for 45 min, as previously described [352]. The lipid 

fraction of the serum was dissolved in 750 µL methanol:chloroform (1:1 v/v) under 

sonication and converted to FAME using BF3 in methanol (14%, 125 µL) under 

higher temperatures (80 °C, 90 min) according to the procedures of Gullberg, 

Morrison and Woo [353, 398, 399]. 300 µL of MilliQ water and 600 µL of hexane 

were added to each sample.  After vortexing, the hexane layer was transferred to a 

new centrifugal tube and left to evaporate in a fume hood overnight. 

 

Derivatized aqueous and lipid fraction (FAME) samples were diluted with hexane and 

centrifuged at 13,200 rpm for 4 min to remove solid particles from the samples. 200 

µL of each diluted supernatant was transferred to the glass inserts of the GC-MS vials 

for analysis. Samples were analyzed in a randomized order on a GC-orthogonal 

acceleration-time of flight-MS (GC-TOF-MS) (Waters GCT Premier, Waters Corp., 

Milford, United Stated of America) operating in the EI mode, coupled to an Agilent 

chromatograph 7890A (Agilent Technologies Canada Inc, Mississauga, Ontario, 

Canada), which was controlled by the MassLynx software. Pooled QC and hexane 

blanks were analyzed every 6 samples, according to Dunn et al. [162]. Metabolite 

identification and quantification for aqueous metabolites were performed using 

Metabolite Detector version 2.06 (Technische Universität Carolo-Wilhelmina zu 

Braunschweig, Germany) and the GMD-GOLM database (http://gmd.mpimp-

golm.mpg.de). Parameters were specified to the following to select for high quality 

and reproducible metabolites and included: Filter threshold= 15, RI difference= 10, 

reproducibility= 0.10, pure/impure ratio= 0.30, req. score= 0.70). Assigned metabolite 

identify for the aqueous metabolites of high interest (i.e., significant (VIP>1) 

metabolites for OC compared to healthy controls) were verified, and unknown 
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metabolites inspected, by comparing the mass spectrum and to metabolites of the 

NIST library (www.nist.gov). FAME concentrations were determined using Met-idea 

(http:// bioinfo. noble. org) and the identities assigned by comparing the acquired 

elution order/ retention time and identifying ions to a previously constructed in-house 

library of pure individual FAME standards (Appendix B).  

 

FIA-‐MS/MS	  

Original serum samples and 5 QC samples were sent to Chenomx Inc. (Edmonton, 

Canada) for targeted FIA-MS/MS analysis using the Absolute IDQTM p150 Kit 

(Biocrates Life Sciences, Austria). All original and QC samples were placed on a 

single 96 well plate. In brief, 163 metabolites were detected and quantified using 

internal standards for each metabolite, requiring 10 µL per sample [400].  

 

Data Analysis 
Concentrations for aqueous metabolites underwent median fold change normalization, 

which was determined as the most suitable normalization procedure to assure normal 

distribution in each dataset. This also allowed for creating a combined dataset where 

metabolites from 1H NMR, GC-MS (aqueous fraction) and FIA-MS/MS had 

comparable relative concentrations. Concentrations of FAME were normalized to the 

internal standard. Metabolites with >25% missing values in original samples and/or 

QC (for MS methods) were excluded from further analysis. Remaining missing values 

were replaced with the lowest detectable concentration for each metabolite. GC-MS 

aqueous metabolites that had comparable concentrations to the MilliQ water blank 

that had underwent extraction, derivatization and analysis identically to serum 

samples (<3 times higher concentrations in original samples) were also excluded. For 
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1H NMR, concentrations below 5 µM had low signal to noise ratio and were judged to 

have unreliable quantifications. Consequently, 5 µM was set as quantification limit 

for the analysis of the 1H NMR data in this study. The combined dataset was created 

based on participants with high quality data from 1H NMR, GC-MS, FIA-MS/MS i.e., 

participants with <50% missing values in each dataset after removing metabolites 

with >25% missing values.  

 

Normalized data from 1H NMR, GC-MS (aqueous fraction) and FIA-MS/MS were 

imported as separate datasets and as a combined data set to SIMCA-P+ software 

(version 12.01, Umetrics AB, Umeå, Sweden) for multivariate statistical analysis. For 

the combined dataset, the average concentration was calculated for metabolites 

detected in multiple datasets. Mean centering and unit variance scaling were 

performed as well as log-transformation for the GC-MS data to adjust for skewness. 

Unsupervised PCA was conducted to identify possible grouping of the data and 

potential outliers. Outliers, defined as samples present outside the 95% confidence 

interval, were removed prior to constructing the supervised models, including partial 

least squares discriminant analysis (PLS-DA) and OPLS-DA. A VIP cut-off value of 

1.0 was applied to create statistical models based on the most significant metabolites. 

Models were evaluated based on R2 and Q2 values, representing the explained 

variance of the data set and the predictive ability of the models, respectively. Two-

tailed t-test assuming equal variance was used for FAME and VIP metabolites in 

regards to OC, with significance specified as p< 0.05.   
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Results 

The OC patients and matched healthy controls were comparable in regards to all 

measured risk factors, as expected (Table 14). Untargeted 1H NMR and GC-MS 

(aqueous analysis) and targeted FIA-MS/MS analysis detected 54, 267 (32.9% 

assigned metabolite identities) and 163 metabolites, respectively. Out of these, 38, 

140 and 131 metabolites were included in the analysis based on the previously 

mentioned exclusion criteria. The three approaches acted complimentary with only 

limited overlap of metabolites and metabolite classes (Figure 14). For example, 

amino acids and hexoses were detected in all three datasets, while the FIA-MS/MS 

dataset consisted mostly of lysophosphatidyl-cholines and phosphatidylcholines, 1H 

NMR dataset of organic acids and derivatives and the GC-MS by low-concentration 

compounds, unidentified metabolites as well as fatty acids. The GC-MS FAME 

analysis resulted in the quantification of 30 fatty acids all of which fulfilled the 

inclusion criteria. 

 

 

Figure 14. Venn diagrams showing the number of A. metabolites and B. 

metabolite classes for each metabolomics method. 

A. B. 
1H NMR GC-MS 1H NMR GC-MS 

FIA-MS/MS FIA-MS/MS 
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The combined dataset consisted of 274 unique metabolites as well as 16 metabolites 

that were detected by 1H NMR and with either GC-MS or FIA-MS/MS. 14 of the 

common metabolites were detected in both 1H NMR and FIA-MS/MS. Out of these, 

12 had comparable concentrations whereas arginine and valine were higher when 

measured with FIA-MS/MS and 1H NMR, respectively (Figure 15). Only 2 

metabolites were detected and identified in both 1H NMR and GC-MS; asparagine 

was higher when measured by GC-MS while lactate concentrations were comparable 

between approaches.  

 

Figure 15. Comparison of serum concentrations for metabolites found in the 1H 

NMR dataset as well as with FIA-MS/MS and GC-MS, respectively where 

indicated. Valine (p<0.05), arginine (p< 0.001) and asparagine (p< 0.00001) were 

different between datasets. All metabolite concentrations were normalized with 

medium fold change normalization. 
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The Metabolite Profile of OC Compared to Matched 

Healthy Controls 
Respective PCA score scatter plots did not reveal any clustering according to OC or 

other examined variables (Supplementary Figure 6). The QC samples from FIA-

MS/MS, but not GC-MS, clustered together in the center of the original samples in 

the PCA score scatter plot. While each metabolomics approach resulted in a number 

of VIP>1 metabolites for OC patients and matched healthy controls (i.e., N1H NMR= 

13, NGC-MC= 41 and NFIA-MS/MS= 48) none were common for two or all approaches 

(Supplementary Table 9). 

 

Supervised multivariate statistical models (OPLS-DA, VIP>1) for OC patients 

compared to matched healthy controls were comparable between methods: 1H NMR: 

R2= 0.37 and Q2= 0.21, GC-MS: R2= 0.35 and Q2= 0.11, FIA-MS/MS: R2= 0.30 and 

Q2= 0.22 (Figure 16A-C). The combined dataset had the greatest explained variance 

and predictive ability (R2= 0.65 and Q2= 0.36) (Figure 16D) and minimal overlap 

between the OC patients and matched healthy controls. No FAME were different 

when comparing OC patients and matched healthy controls (Supplementary Table 

10).  
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Figure 16. Supervised score scatter plots based on VIP>1 metabolites comparing 

OC patients and matched controls.  A. 1H NMR (R2= 0.37, Q2= 0.21), B. GC-MS 

aqueous analysis (R2= 0.35, Q2= 0.11), C. FIA-MS/MS (R2= 0.30, Q2= 0.22) and D. 

the combined dataset (R2= 0.63, Q2= 0.34). Every dot represents one participant, with 

OC patients shown as black dots and matched healthy controls as open black circles. 

The ellipse in A and D represents the 95% confidence interval in the panels with 

multiple components. Panels B and C had only one PLS-1 component.  

OC patients had higher concentrations (VIP>1) of eight 1H NMR metabolites i.e., 

cystine, formate, glutamate, glutamine, glucose, glycerol, isoleucine and serine and 

lower concentrations of 2-aminobutyrate, 2-hydroxybutyrate, 3-hydroxybutyrate, 

creatine and lactate (Supplementary Table 9). The higher cystine concentrations also 

reached univariate statistical significance (p< 0.01). 1 GC-MS metabolite was 2.0 

times higher (p< 0.01) in OC; an unidentified metabolite eluting at 20.3 min with 

three quantifying ions (202, 473 and 488 m/z). Unfortunately, the majority of the GC-

MS VIP metabolites were unknown, despite manually investigating the mass 

spectrum and searching the NIST library for similar ion patterns. For FIA-MS/MS, 

the majority of VIP>1 metabolites (93.8%) were lower in OC patients compared to 

matched healthy controls. These consisted of the two amino acids histidine and 

tryptophan, hydroxysphingomyeline C22:1 and C22:2, lysophosphatidylcholine acyl 

C26:0 and C28:0, 28 phosphatidylcholine acyl-alkyl, 7 phosphatidylcholine diacyl 
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and 4 acylcarnitine species. Out of these, tiglyl-L-carnitine, 4 phosphatidylcholine 

diacyl species and 19 phosphatidylcholine acyl-alkyl species reached univariate 

significance.	   Two metabolites, lysophosphatidylcholine acyl C20:3, 

phosphatidylcholine diacyl C42:6 were found to be significantly increased in OC 

patients (p< 0.01 and p< 0.05, respectively). 

 

The combined dataset had 93 VIP>1 metabolites for the comparison between OC 

patients and matched healthy controls. Out of these, 29 metabolites reached univariate 

significance, with the majority detected by FIA-MS/MS (n= 26) (Table 15). 

Phosphatidyl-choline acyl-alkyl (26/28) and hydroxysphingomyeline species (2/2) 

were lower in OC patients.  
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Metabolites 

(VIP>1) 

Age 

 

Ever pregnant Menstrual status Current use of 

contraceptives  

Ever use of 

contraceptives 

Breastfeeding 

Higher with OC 	  	   	  	   	  	   	  	   	  	  

Phosphatidylcholine acyl-alkyl C36:4 	  	   	  	   	  	   	  	   	  	   	  	  

Phosphatidylcholine acyl-alkyl C44:4 	  	   ê 	  	   	  	   	  	   é 

RT= 14.3, ions= 103, 157, 189 	  	   	  	   	  	   	  	   	  	   ê 

Phosphatidylcholine diacyl C38:5 	  	   	  	   é 	  	   	  	   	  	  

RT= 22.9, ion= 129 	  	   	  	   é ê 	  	   é 

RT= 22.8, ion= 119 é 	  	   	  	   	  	   	  	   	  	  

Sphingomyeline C22:3 	  	   	  	   	  	   é 	  	   	  	  

Octadecenoyl-L-carnitine é 	  	   	  	   	  	   	  	   é 

Phosphatidylcholine diacyl C38:4 	  	   	  	   é 	  	   	  	   	  	  

Cystine 	  	   é 	  	   	  	   ê 	  	  

RT= 12.8, ion= 113 	  	   	  	   	  	   é 	  	   	  	  

Glucose 	  	   é ê 	  	   	  	   	  	  

Lysophosphatidylcholine acyl C20:4 	  	   	  	   	  	   é 	  	   	  	  

RT= 20.7, ions= 191, 204, 217 	  	   	  	   	  	   	  	   ê ê 
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Phosphatidylcholine diacyl C40:5 	  	   	  	   	  	   	  	   	  	   	  	  

L-Isoleucine 	  	   	  	   ê 	  	   	  	   	  	  

RT= 24.3, ion= 563 é 	  	   	  	   	  	   ê ê 

Hexose 	  	   	  	   ê 	  	   ê 	  	  

Lysophosphatidylcholine acyl C18:2 	  	   	  	   	  	   	  	   ê 	  	  

Phosphatidylcholine diacyl C42:6 	  	   	  	   	  	   	  	   	  	   	  	  

Lysophosphatidylcholine acyl C18:0 	  	   é é 	  	   	  	   	  	  

Phosphatidylcholine diacyl C40:4 	  	   	  	   	  	   	  	   	  	   	  	  

RT= 20.3, ions= 202, 473, 488 	  	   	  	   	  	   	  	   	  	   	  	  

Lysophosphatidylcholine acyl C18:1 	  	   	  	   é 	  	   ê é 

Phosphatidylcholine diacyl C40:3 	  	   	  	   é 	  	   	  	   é 

Phosphatidylcholine diacyl C38:3 é 	  	   	  	   	  	   	  	   	  	  

Lysophosphatidylcholine acyl C20:3 é 	  	   	  	   	  	   ê 	  	  

Lower with OC 

Phosphatidylcholine diacyl C32:3 

	  	    

é 

 

é 

	  	   	  	    

é 

RT= 24.4, ion= 550 	  	   é 	  	   é 	  	   	  	  

Phosphatidylcholine acyl-alkyl C34:3 	  	   	  	   é 	  	   	  	   	  	  

RT= 20.7, ion= 399 	  	   	  	   	  	   	  	   	  	   	  	  
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Gulonic acid-1,4-lactone (4TMS) 	  	   	  	   	  	   ê 	  	   	  	  

Phosphatidylcholine acyl-alkyl C40:6 	  	   é é é 	  	   	  	  

RT= 23.9, ion= 623 	  	   ê 	  	   é 	  	   é 

No direct match: Heptadecane, n- 	  	   	  	   é 	  	   	  	   	  	  

RT= 10.7, ion= 85 	  	   	  	   é 	  	   	  	   é 

Tiglyl-L-carnitine é ê é ê 	  	   	  	  

RT= 6.2, ion= 91 	  	   	  	   é 	  	   ê é 

Phosphatidylcholine acyl-alkyl C36:2 	  	   é é 	  	   ê 	  	  

RT= 12.8, ion= 71 	  	   	  	   é ê 	  	   é 

RT= 5.1, ion= 84 	  	   	  	   	  	   	  	   	  	   	  	  

No direct match: Nonadecane 	  	   	  	   	  	   	  	   	  	   é 

Creatine 	  	   	  	   	  	   	  	   é é 

RT= 7.6, ion= 369 é 	  	   	  	   	  	   ê 	  	  

RT= 19.2, ion= 155 	  	   	  	   é 	  	   	  	   	  	  

Malonyl-L-carnitine 	  	   é 	  	   ê 	  	   é 

RT= 6.6, ion= 235 	  	   	  	   	  	   	  	   	  	   	  	  

RT= 8.1, ion= 207 	  	   é 	  	   é 	  	   	  	  

Heptadecane   	  	   	  	   	  	   	  	   	  	  
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Lysophosphatidylcholine acyl C28:0 ê 	  	   ê 	  	   é 	  	  

Phosphatidylcholine diacyl C38:6 é 	  	   é é 	  	   	  	  

Butenyl-L-carnitine 	  	   	  	   é ê 	  	   	  	  

Sphingomyeline C20:2 	  	   	  	   	  	   	  	   	  	   é 

Phosphatidylcholine diacyl C32:2 	  	   é 	  	   	  	   	  	   	  	  

Phosphatidylcholine acyl-alkyl C30:2 	  	   	  	   é 	  	   	  	   é 

RT= 14.0, ions= 117, 217, 230 ê 	  	   	  	   	  	   	  	   	  	  

Lysophosphatidylcholine acyl C26:0 	  	   ê ê ê 	  	   é 

Hydroxysphingomyeline C22:2 é é é 	  	   	  	   	  	  

RT= 24.2, ion= 442 	  	   	  	   	  	   	  	   ê é 

Phosphatidylcholine acyl-alkyl C38:2 	  	   	  	   é 	  	   	  	   	  	  

Taurine 	  	   é é 	  	   	  	   	  	  

Hydroxysphingomyeline C22:1 	  	   é é ê 	  	   	  	  

Phosphatidylcholine acyl-alkyl C40:3 	  	   ê ê 	  	   	  	   é 

Phosphatidylcholine diacyl C34:3 	  	   	  	   	  	   ê 	  	   é 

Phosphatidylcholine acyl-alkyl C30:1 	  	   	  	   	  	   	  	   é é 

Phosphatidylcholine acyl-alkyl C40:4 	  	   	  	   	  	   	  	   	  	   	  	  

Lysophosphatidylcholine acyl C28:1 	  	   	  	   é 	  	   	  	   	  	  
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Phosphatidylcholine acyl-alkyl C34:2 é 	  	   é 	  	   	  	   	  	  

Phosphatidylcholine acyl-alkyl C32:1 	  	   	  	   	  	   	  	   	  	   	  	  

Phosphatidylcholine acyl-alkyl C30:0 é 	  	   	  	   	  	   ê 	  	  

Phosphatidylcholine acyl-alkyl C36:5 é é é 	  	   	  	   	  	  

Phosphatidylcholine diacyl C42:0 	  	   ê ê é é é 

Phosphatidylcholine acyl-alkyl C40:5 	  	   	  	   	  	   é 	  	   é 

Phosphatidylcholine diacyl C34:2 	  	   	  	   	  	   ê 	  	   é 

Phosphatidylcholine diacyl C42:1 ê ê ê ê é é 

Phosphatidylcholine diacyl C36:0 é é é 	  	   	  	   	  	  

Phosphatidylcholine acyl-alkyl C32:2 é 	  	   é 	  	   	  	   é 

Phosphatidylcholine acyl-alkyl C38:4 	  	   	  	   é é 	  	   	  	  

Phosphatidylcholine acyl-alkyl C42:5 ê ê ê é 	  	   é 

Phosphatidylcholine acyl-alkyl C44:6 	  	   ê ê 	  	   	  	   é 

RT= 19.5, ion= 384 	  	   	  	   	  	   	  	   	  	   	  	  

RT= 19.5, ion= 384 	  	   	  	   	  	   	  	   	  	   	  	  

Phosphatidylcholine acyl-alkyl C42:4 	  	   	  	   ê 	  	   	  	   	  	  

Phosphatidylcholine diacyl C38:0 	  	   é é é é 	  	  

Phosphatidylcholine acyl-alkyl C40:2 é 	  	   	  	   	  	   	  	   	  	  
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Phosphatidylcholine acyl-alkyl C36:3 	  	   	  	   	  	   ê 	  	   é 

Phosphatidylcholine acyl-alkyl C44:5 	  	   ê 	  	   	  	   	  	   é 

Phosphatidylcholine acyl-alkyl C38:1 	  	   	  	   ê 	  	   	  	   	  	  

Phosphatidylcholine acyl-alkyl C38:6 	  	   é ê é é 	  	  

Phosphatidylcholine acyl-alkyl C38:3 é 	  	   	  	   	  	   ê 	  	  

Phosphatidylcholine acyl-alkyl C42:3 	  	   ê 	  	   	  	   	  	   	  	  

Phosphatidylcholine acyl-alkyl C44:3 	  	   ê 	  	   	  	   	  	   é 

Phosphatidylcholine diacyl C38:1 	  	   é é é é é 

Table 15. List of VIP>1 metabolites that were higher or lower in OC patients when compared to matched healthy controls and their 

respective association (VIP>1) with measured risk factors for the combined dataset. Arrows indicate that metabolites were higher (é) and 

lower (ê), respectively, with OC, higher age, if ever pregnant (yes), in menopausal and postmenopausal (vs pre-menopausal and possibly 

menopausal) and current use of contraceptives. Statistical significance (p< 0.05) is indicated (*). 
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Metabolites Associated with Risk Factors 
Next, we investigated which VIP metabolites that had associated with OC that also 

associated with measured risk factors. For 1H NMR, only age resulted in a 

multivariate statistical model, however the model was poor (R2= 0.22, Q2= 0.098) 

(Figure 17A, (Supplementary Table 9). The three metabolites (i.e., serine, 

glutamine and 3-hydroxybutyrate) that correlated positively with age were lower in 

OC patients.  

 

Increasing age (R2= 0.38, Q2= 0.15) was associated with consistently higher levels of 

GC-MS VIP metabolites that had been found to be both higher and lower with OC 

(Figure 17B, Supplementary Table 9). Menopausal and postmenopausal women 

were distinct from premenopausal, perimenopausal and possibly menopausal women 

(R2= 0.45 Q2= 0.16), but there was no consistent correlation to the OC metabolite 

profile (Figure 17C). The 6 women that had never been pregnant clustered together 

and were separated from women who had been pregnant, with some overlap (R2= 

0.35, Q2= 0.071) (Figure 17D). A total of 6 methyl esters of the following fatty acids 

were significantly associated (p< 0.05) with risk factors; tridecanoic acid (lower with 

higher number of pregnancies, r= -0.29), tetracosonic acid (higher in never pregnant), 

nervonic acid (higher in never breastfeeding) and capric, stearic and oleic acid (higher 

in never-users of contraceptives).  

 

Both age (R2= 0.32, Q2= 0.19) and current use of contraceptives (R2= 0.38, Q2= 0.18) 

were associated with serum metabolites detected with FIA-MS/MS (Figure 17E-F, 

Supplementary Table 9). The respective metabolite profiles showed low similarity 

with the metabolite profile for OC, with 22.9% and 20.8% of OC-associated VIP 
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metabolites also associating with age and current use of contraceptives, respectively. 

Phosphatidylcholine acyl-alkyl species were higher with increased age whereas 

women who were currently using contraceptives had lower serum concentrations of 

sphingomyelin species and lysophosphatidylcholine acyls and higher concentrations 

of phosphatidylcholine diacyl species (VIP>1, data not shown).  

 

Figure 17. Multivariate score scatter plots of risk factors for the individual 

metabolomics platforms. VIP models for 1H NMR and age (A), GC-MS and age, 

ever pregnant and menstrual status (B-D) and FIA-MS/MS and age and current use of 

contraceptives (E-F). Every dot represents one participant. Age was analyzed as a 

continuous variable but colored according to low (open black circle) medium (grey 

dot) and high (black dot) age. History of pregnancy and current use of contraceptives 

(black dot) are compared to never pregnant and no current use of contraceptives (open 

black circle). Menopausal status was analyzed as premenopausal (black dot), possible 

menopausal or perimenopausal (grey dot) and menopausal or postmemopausal (open 

black circle). Only menstrual status for GC-MS (D) had multiple components. 
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Combined Dataset 
The respective metabolite profiles for OC risk factors were largely dominated by FIA-

MS/MS metabolites (Table 15). Age (R2= 0.49, Q2= 0.34), ever pregnant (R2= 0.49, 

Q2= 0.14), menopausal status (R2= 0.23, Q2= 0.12), ever use of contraceptives (R2= 

0.47, Q2= 0.09), current use of contraceptives (R2= 0.50, Q2= 0.24) and breastfeeding 

(R2= 0.27, Q2= 0.11), but not the number of pregnancies, resulted in multivariate 

statistical models (Figure 18). Complete or close to complete separation in the 

multivariate statistical models were seen for women who had or had never been 

pregnant as well as with ever and current use of contraceptives. The majority of 

common metabolites for contraceptives use and OC (81.3%) were oppositely 

correlated. This is in agreement with the lower OC risk with use of oral contraceptives 

[401]. In contrast to the trend observed with FIA-MS/MS, premenopausal women 

were clustered away from menopausal and postmenopausal women with a trend of 

possibly menopausal and perimenopausal women clustering in the middle, albeit 

among menopausal women (Figure 18C). Phosphatidylcholine diacyl species were 

higher in menopausal/ postmenopausal women (Table 15). 
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Figure 18. Multivariate score scatter plots of risk factors for the combined 

dataset. A. Age B. ever pregnant C. menstrual status D. current use of contraceptives 

E. ever use of contraceptives and F. breastfeeding (yes or no). Every dot represents 

one participant. Age was analyzed as a continuous variable but colored according to 

low (open black circle) medium (grey dot) and high (black dot) age. History of 

pregnancy, current and ever use of contraceptives (black dot) are compared to never 

pregnant and no current/ never use of contraceptives (black open circle). Menopausal 

status was analyzed as premenopausal (black dot), possible menopausal or 

perimenopausal (grey dot) and menopausal or postmemopausal (open black circle) 

and breast feeding classified as don't know (open black circle), yes (grey dot) and no 

(black dot).  

 

Discussion 

The serum metabolomics analysis performed in the present study resulted in a 

relatively comprehensive coverage of different metabolite classes. This was achieved 

by combining data from three metabolomics approaches; 1H NMR, GC-MS and FIA-
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MS/MS. The combined dataset also resulted in the most predictive model for OC, 

with minimal overlap between OC patients and matched healthy controls. The need 

for multiple approaches lies in the great diversity in chemical properties among 

metabolites. In contrast to genes and gene transcripts that are composed of a small 

number of similar building blocks (i.e., 4 nucleotides) that thus can be measured with 

a single method, the different chemical nature of metabolites require multiple 

analytical techniques. For example, mass spectrometry methods, including CE-MS 

(not discussed), can detect low-concentration metabolites that NMR cannot detect, but 

relies on metabolites to be ionized and for unknown metabolites to be identified if 

using an untargeted approach. In addition, derivatization procedures utilizing heat, 

derivatization agents including silylating or methylating agents are required to make 

metabolites volatile for GC-MS. In contrast, NMR requires minimal sample 

preparation, no derivatization and is highly quantitative and robust, yet has somewhat 

limited sensitivity. Concentrations can either be assessed as spectral intensities 

(spectral binning) or by manually assigning metabolite identities (quantitative 

profiling), which provides more information but is also more labor-intensive. Taken 

together, metabolomics approaches are complementary and no single method is able 

to provide a complete coverage of metabolite classes, although some metabolites, 

such as amino acids and hexoses, can be detected by all three approaches.  

 

In this study, FIA-MS/MS and 1H NMR detected 14 common metabolites. Out of 

these, 12 had comparable concentrations for both platforms, attesting to the reliability 

of quantitative FIA-MS/MS and NMR. The FIA-MS/MS data also had a clustering of 

pooled QC in the middle of the multivariate statistical PCA model, reflecting the 

minimal influence of the sample preparation and analysis on metabolite 
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concentrations. This was not seen with GC-MS, as will be discussed further below. 

Despite the difference in number and type of metabolites detected by each 

metabolomics platform, the results for 1H NMR, GC-MS aqueous analysis and FIA-

MS/MS were comparable in terms of performance in multivariate statistical models. 

Each approach furthermore identified one or multiple metabolites that were 

significantly (VIP>1, p<0.05) elevated in OC patients compared to matched healthy 

controls and which also were included in the combined dataset. These metabolites 

were of specific interest, as they show potential as detectable diagnostic biomarkers 

for ovarian tumors. Such metabolites included the amino acid cystine detected by 1H 

NMR, an unknown metabolite (RT= 20.3 min, quantifying ions= 202, 473 and 488 

m/z) detected by GC-MS as well as lysophosphocholine acyl C20:3 and 

phosphatidylcholine diacyl C42:6, detected with FIA-MS/MS. 

 

Early work on OC metabolism suggested that cystine could play a crucial part in the 

resistance to platinum-based chemotherapeutic agents [402, 403]. Intracellular cystine 

is reduced to cysteine and together with glutamate and glycine used to produce 

glutathione, a powerful antioxidant and detoxifying peptide. More recent studies have 

demonstrated that extracellular cystine levels regulate intracellular glutathione levels 

of both OC cell lines [404] and associated fibroblast [405], ultimately leading to 

platinum resistance thought an increased efflux of glutathione-bound platinum [405]. 

Others have furthermore found the cystine uptake to be increased with higher 

resistance [406]. Be that as it may, it is unclear why the concentration of cystine was 

higher in OC patients compared to matched healthy controls in the present study. 

Next, lysophosphatidylcholine acyl species, such as lysophosphocholine acyl C20:3, 

are produced from phosphatidylcholine and are cellular signaling molecules, while 
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phosphatidylcholine species, including diacyls, are major constituents of cell 

membranes and lipoproteins, such as the LDL and HDL particles. The general trend 

of lower serum concentrations of phosphatidylcholine acyl-alkyl and diacyl species 

may be more informative than individual associations and may reflect the higher need 

for membrane components as a consequence of higher proliferation or alternatively a 

higher degradation and/or lower synthesis in tumor bearing patients. However, the 

link between phosphatidylcholine and cancer remains unclear [407] and there is a 

clear need to evaluate the importance of individual phosphocholine species in 

relations with OC. Of note, glutamine (1H NMR) and ethanolamine (GC-MS), major 

sources for acetyl-coA and phospholipids, respectively, were both elevated in OC 

patients whereas no differences were seen for fatty acids. This is also of interest since 

highly invasive OC cells have been found to be dependent on exogenous glutamine 

for growth and survival [408]. Choline, which had been excluded from the analysis 

because of serum concentrations below set level of quantification, of 5 µM for 1H 

NMR was not different in regards to OC.  

 

In the eight studies that had previously reported on metabolomics differences of OC 

participants in comparison to healthy controls, only 8 metabolites were reported as 

significant for 2-3 studies and one study showed no similarities with any other study 

[380-387] (Table 16).  
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OC Metabolite Study details References 

é Pseudouridine 2 urine studies using UPLC-MS/MS [382, 383] 

é Phytosphingosine 1 urine and 1 plasma study using UPLC-MS/MS [383, 384] 

é 3-Hydroxybutyrate 2 serum samples using NMR [385, 387] 

ê Creatine  1 urine and 1 serum study using NMR [380, 385] 

ê Creatinine  2 urine (1 NMR, 1 UPLC-MS/MS) , 1 plasma NMR study [380, 383, 385] 

ê Alanine  1 urine and 1 serum study using NMR [380, 385] 

ê Hippurate  2 urine studies (1 NMR, 1 HPLC-MS/MS) [380, 383] 

ê Valine  1 urine and 1 serum study using NMR [380, 385] 

Table 16. Summary of common metabolites for OC compared to healthy controls 

as reported in the metabolomics literature.  3 metabolites were found to be higher 

(é) and 5 to be lower in OC patients (ê) compared with healthy controls.  

These included significantly higher levels of pseudouridine, phytosphingosine, 3-

hydroxybutyrate as well as significantly lower levels of creatine, creatinine, alanine, 

hippurate and valine in OC patients. Pseudouridine had also been found to be higher 

with OC compared to benign tumors [383, 389] whereas creatine, which had been 

quantified with NMR in urine and serum, was also found to be lower in the present 

study in the 1H NMR and combined dataset. The few similarities in results across OC 

studies may be ascribed to a number of factors. These include participant 

characteristics and lifestyle factors, cancer diagnosis and treatment, potential co-

morbidities and use of medication as well as differences in methodology including 

choice in metabolomics platform and sample preparation protocols, sample size, 

fasting status, choice of body fluid or tissue as well as the time the sample was taken 

in respect to diagnosis and cancer treatment. Unfortunately, half of the reported 

studies did not match or adjust for age or menopausal status and only one study 
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established that there were no differences between OC participants and healthy 

controls with regards to contraceptives and number of pregnancies, but did not 

account for breastfeeding or hormone replacement therapy [387]. Such differences 

between study groups may not only have contributed to the disparity in results across 

studies but may also have affected the metabolite profile and led to an over-estimation 

of the magnitude of the difference between women with OC and healthy controls.   

 

In the present study we matched for age, gender and region and had no differences in 

menopausal status, number of pregnancies, use of contraceptives or history of 

breastfeeding between OC patients and matched healthy controls. Compared to the 

previous studies, the metabolomics differences between women with OC and matched 

healthy controls were not as strong in our study, perhaps as a consequence of our 

efforts to minimize the potential confounding effects of risk factors on the OC model. 

Interestingly, use of contraceptives was only modeled by FIA-MS/MS (and the 

combined dataset). This is consistent with the notion of contraceptives having a 

profound effect on lipid metabolism over time [409, 410] and as seen when 

comparing contraceptive users to non-users [411-414]. Differences have also been for 

high-dose users to low-dose users [410], with trends of higher levels of cholesterol, 

triacylglycerols and LDL lipoprotein with use of contraceptives. Notably, 3 FAME 

(capric, stearic and oleic acid methyl ester) were also significantly lower with ‘ever’ 

compared to ‘never’ use of contraceptives. However, only 3 women were never-users, 

which reduced the power of this comparison. Overall, the combined dataset resulted 

in the most predictive model for OC as well as the greatest number of models for risk 

factors. In comparison, 1H NMR data had resulted in a poor model for age, GC-MS 
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data in models for age, ever pregnant and menopausal status and FIA-MS/MS data for 

age and current use of contraceptives.  

 

Although potential confounding factors need to be addressed in order to find true 

associations for OC, a metabolite cancer biomarker or signature should preferably 

have clinical value across age groups and geographic region and consistently be 

higher with OC regardless of the use of contraceptives, history of breastfeeding etc. A 

common molecular signature for all subtypes would furthermore be best suited in 

terms of screening potential for early detection, but may be difficult to find because of 

the pathological differences [415]. Additionally, focusing on early-stage OC, as was 

done by Garcia et al. [385], would be preferable for this purpose. In contrast, 

selecting a single OC subtype may generate more reproducible result and provide 

useful information on subtype specific metabolism. However, a biomarker for an OC 

subtype would be challenging to implement as a screening test, as the potential 

benefits of detecting such a low prevalence disease may not outweigh the risks of 

false positives and negatives and the economical cost [416]. To the best of our 

knowledge no study has yet evaluated the metabolite profiles of different OC 

subtypes or compared a selected OC subtype to healthy controls, however Buas et al. 

compared serous OC to benign serous tumors [391]. Notably, most studies have 

focused on epithelial OC and include multiple subtypes such as serous, endometrioid, 

clear cell and mucinous tumors in varying proportions.  

 

One limitation of this study was the quality of the GC-MS data, with no clear 

clustering of QC in the multivariate model and which was dominated by unknown 

metabolites. This was observed in spite of 1) the removal of metabolites found at 



 

 174 

comparable concentrations in the MilliQ water blanks, 2) the carefully selected 

criteria for quantification of the mass spectra by metabolite detector and 3) the manual 

investigation of the mass spectra of unmatched metabolites in attempt to assign 

missed identities. Although unknown metabolites are commonly found using 

untargeted GC-MS, the low proportion of identified and common metabolites is not 

representative of the general performance of GC-MS. In fact, GC-MS may be well 

suited in a clinical setting, in regards to the relatively fast analysis and the ability to 

detect low-concentration compounds, such as tumor-derived metabolites, provided 

that the biomarkers are well characterized and their respective measurements 

reproducible. Another possible limitation of the study includes the use of matched 

healthy controls instead of women with benign tumors and/or with comparable 

symptoms. Such controls could provide useful information on metabolic signatures 

that ultimately may be able to differentiate between women with malignant and 

benign disease. However, healthy controls better reflect the “normal” metabolite 

profile. Moreover, for the purpose of comparing metabolomics methods matched 

healthy controls sufficed.  

 

Conclusion 
1H NMR, GC-MS and FIA-MS/MS each have the potential to identify novel and 

readily accessible biomarkers for OC. However, before suggested metabolite 

biomarkers can be applied in the clinic it is crucial that the influence of confounding 

factors and technical drawbacks are properly addressed. Moreover, there is a great 

need to validate metabolomics findings in larger cohorts and to investigate the 

performance of metabolite biomarkers compared to, and in combination with, CA-125 

and other currently available clinical markers. The performance of 1H NMR, GC-MS 
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and FIA-MS/MS were comparable in regards to the multivariate statistical models, 

however the choice of metabolomics approach will greatly affect the type of 

metabolites identified, and as a consequence, the type of conclusion that can be 

drawn. For example, FIA-MS/MS metabolites were to a larger extent contributing to 

the combined dataset, yet at this time little is known about the individual lipid 

glycerophospholipids, which creates difficulties in making use of the findings. 

Another example was the large number of unknown metabolites from GC-MS, while 

1H NMR analysis only resulted in a limited number of metabolites mostly involved in 

central metabolic pathways, such as glycolysis, the citric acid cycle and amino acid 

metabolism.  Combining approaches resulted in a more complete coverage of 

metabolite classes, and thus a more comprehensive description of the phenotype.  
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CHAPTER 7: CONCLUDING CHAPTER 

 

Novel Work Presented in This Thesis and How to Move 

Forward 

Diet as a Means to Combat Obesity and Obesity-Related 

Diseases Including Cancer 
In Chapter 2 we showed that coffee consumption had overall beneficial effects in the 

HF fed rat, compared to the water controls. This included a lower body weight, 

percent body fat, plasma insulin and liver TG as well as lower a lower Firmicutes and 

Bacteriodetes ratio and serum BCAA levels, which are considered favorable by most. 

Despite this, HF feeding had detrimental effects on the percent body fat and plasma 

concentrations of NEFA, regardless of coffee consumption. This is important since 

circulating fatty acids play an important part in the pathological development of 

insulin resistance from obesity [417]. Consumption of the HF diet also associated 

with lower serum concentrations of butyrate and acetate, which are known to be 

instrumental in gut health [49, 50]. Thus, although coffee may play a part in achieving 

and/or maintaining a healthy body weight and metabolite profile, it is unlikely to fully 

mitigate the impact of a westernized diet. In addition, the most favorable effects of 

coffee on food consumption and insulin levels were seen in combination with the 

regular CH diet. 
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The	  Potential	  Benefits	  of	  Coffee	  on	  Metabolic	  Disease	  

We proposed that the beneficial impact of coffee might partly have arisen from the 

effects of coffee-derived compounds on the gut microbial profile, independently of 

the presence of caffeine. Indeed, a recent review shows that both the consumption of 

caffeinated and decaffeinated coffee have been linked to a decreased incidence of 

type 2 diabetes [418]. Human gut microbiota has furthermore been shown to rapidly 

metabolize coffee-derived compounds [419, 420]. There is also novel evidence 

showing that incubation of human fecal bacteria with coffee has resulted in anti-

inflammatory effects, an elevated production of SCFA as well as favorable impact on 

the gut microbial profile, for example by increased levels of Bifidobacteria [420, 

421].  

 

There is also accumulating evidence of the beneficial effects of coffee on obesity and 

the development of type 2 diabetes in humans [418, 422]. This includes, but is not 

limited to, lower blood glucose levels through the decreased breakdown of 

carbohydrates and increased cellular glucose uptake, lower levels of circulating and 

intra-organ fatty acids as a consequence of both reduced fatty acid synthesis and 

increased oxidation as well as higher energy expenditure as a result of an increased 

thermogenesis [423]. However, there is still substantial controversy over the potential 

benefits of coffee regarding cardiovascular disease. This may be dependent on the 

dose, as many studies only find favorable effects for the highest daily intakes of 

coffee (>2-6 cups of caffeinated or decaffeinated coffee), including a lower all-cause 

and cardiovascular disease-related mortality [418, 422, 424]. The disparity in the 

health effect and/or effect size of coffee may also depend on variance in the humane 

genome [425]. For example, variations in genes involved in metabolism and positive 



 

 178 

reinforcement of caffeine as well as genes that have been associated with BMI and 

plasma levels of TG and glucose were shown to correlate with coffee consumption in 

two large European and African-American cohorts [425]. 

 

Artificial	  Sweeteners	  are	  Linked	  to	  Parameters	  of	  Metabolic	  Disease	  

Although we had found overall favorable effects of coffee consumption using the 

diet-induced obesity model, the fasting glucose levels were higher in the coffee 

consuming rats compared to the water controls, irrespective of diet. While this result 

may have been caused by the presence of caffeine [426], we hypothesized that the 

small amount of aspartame, that had been added to increase palatability, could be 

enough to cause a change in the gut microbiota and thus underlie this observation. For 

this reason, rats consuming aspartame (without coffee) were compared to the water 

consuming animals and the finding of the elevated fasting glucose levels were 

reproduced (Chapter 3). In addition, the serum metabolomics and gut microbial 

analysis suggested that the bacterial production of propionate might have contributed 

to the higher fasting glucose levels by stimulating hepatic gluconeogenesis [234]. 

Parallel to our study of aspartame in rats, Israeli researchers investigated chronic 

consumption of aspartame, saccharin and sucralose sweetened drinking water in lean 

mice [427]. Similarly, they found that the ingestion of artificial sweeteners correlated 

with glucose intolerance and a dysbiosis in the gut microbial profile, an effect that 

was abolished after a 4-week antibiotics treatment. Using saccharin, it was 

furthermore shown that glucose intolerance could be transferred to lean germ-free 

recipient mice through fecal transfer. This was also replicated using samples from a 

small human population (N=7) after the participants had consumed the maximum 

daily dose of saccharin for one week. Taken together, these two studies provide early 



 

 179 

evidence of the potential causal relationship between artificial sweeteners and 

metabolic disease in both animal models and humans, as mediated by the gut 

microbiota and potentially also microbial metabolites. Additionally, they also 

contribute to the ongoing discussion about artificial sweeteners as metabolically 

active compounds [428, 429].  

 

Since then, consumption of aspartame and acesulfame K has been associated with 

bacterial diversity in humans [430]. Of relevance to the aspartame study, systemic 

infusion of propionate has also been shown to elevate the endogenous glucose 

production in a dose-dependent manner in fasted Sprague-Dawley rats, as studied 

using stable isotope labeling [431]. 

 

Future	  Directions	  and	  Suggested	  Alternative	  and	  Complementary	  Methodology	  

Using oral gavage instead of adding coffee in the drinking water could have avoided 

the use of sweeteners and helped establish the effects of coffee. This change in 

methodology would also have allowed for the administration of exact doses of coffee 

and aspartame, rather than ad libitum, which perhaps could have decreased the 

variability within the groups of rats that received the fluid treatments. However, 

repeated oral gavage is more invasive, more labor-intensive and may causes stress for 

the animals [432, 433]. Including an additional study group of rats provided with pure 

caffeine and/or decaffeinated coffee may also have attested to the impact of coffee-

containing compounds and the involvement of the gut microbiota in relation to 

caffeine-specific effects. Similarly, for Chapter 2, an aspartame control group could 

have been used in addition to the water controls, provided that the coffee-aspartame 

and aspartame control animals were provided with comparable amounts of the 
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sweetener. However, this would have required a larger overall sample size. Similar to 

the work by Suez et al. [427], administering antibiotics after the impact on 

glucoregulation had been observed may have attested to the importance of gut 

microbiota, provided that glucose regulation was ameliorated. Yet, antibiotics may 

cause independent changes in glucose metabolism as well as changes in the serum 

metabolome as a consequence of the extensive alteration in the microbial profile. 

Indeed, one study on male Sprague-Dawley rats reported time-dependent changes in 

the urine metabolome that was linked to microbial metabolism and metabolites [434]. 

Alternatively, fecal transplants containing gut microbiota from animals consuming 

coffee, APM or water could have confirmed or rejected the hypothesis of the causality 

of the gut microbiota and the observed effects on weight, body composition, lipid 

metabolism, glucoregulation and the metabolite profile. Spiking a proportion of the 

fecal samples with labeled propionate could furthermore have been used to investigate 

the role of the metabolite as a mediator of glucose intolerance through endogenous 

glucose production. However, studies using germ-free animals are high in cost and 

are currently not yet available at the University of Calgary.  

Although GC-MS metabolomics was performed for Chapters 2 and 3, these results 

were not included in the manuscripts as the samples from the water controls were 

provided after the serum from the coffee and aspartame consuming rats had been 

analyzed, which introduced bias. Instead, the samples of all six groups of rats should 

have been analyzed simultaneously. Moreover, the high lipid content of rats fed the 

HF diet complicated the FAME analysis, despite dilution efforts. This is unfortunate 

as GC-MS analysis of aqueous and lipid fractions could have complemented the 1H 

NMR results and provided further insight into the metabolite profile and its relations 

to obesity-related factors. In addition, aqueous GC-MS analysis could likely have 
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demonstrated the presences of low concentration coffee-derived compounds in the 

serum, including potential breakdown products as a consequence of microbial 

metabolism. Similarly, FAME analysis could have clarified whether the fluid and/or 

diet treatments had an impact on the serum fatty acid profile. Metabolomics analysis 

of portal vein blood may moreover have provided supporting evidence for the 

involvement of gut-microbial metabolites, including propionate, in metabolic disease 

as such metabolites reach the systemic circulation only after first having passed 

through the portal circulation and the liver [51]. There are also other ways to analyze 

the associations between metabolites and microbial taxa that might have provided 

additional information if applied. For example, Arrieta et al. performed correlational 

analysis between individual taxa and metabolites in order to identify direct or indirect 

correlations [435]. Such analysis could also be done for ratios of metabolites or 

bacteria e.g., firmicutes: bacteriodetes.  

 

Lastly, although animal studies are highly useful to decipher mechanistic links, since 

much of the variance seen for human studies can be controlled for, results may not be 

possible to extrapolate to humans [436]. Well-designed population studies are needed 

for validation and can moreover be used to assess doses and effect sizes in humans. 

Importantly for human studies, high coffee consumption is considered safe with only 

minor and short-term side effects [422, 424]. Artificial sweeteners are regulated by 

the FDA, allowing for doses that are safe to consume, at least as viewed from a 

toxicological perspective [437].  

Dietary	  Alteration	  of	  the	  Gut	  Microbiota	  as	  a	  Potential	  Cancer	  Prevention	  Strategy	  

The link between coffee and cancer has recently been reviewed, overall suggesting a 

preventative effect of coffee consumption on some cancers, such as colorectal cancer 
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[170, 171]. Possible mechanisms include antioxidant effects reducing DNA damage, a 

beneficial impact on risk factors, such as obesity and the detoxification or reduced 

production of carcinogenic metabolites [170, 171]. There is also extensive research on 

the association of colorectal and hepatic tumors and the gut microbial composition 

[438-440] and microbial metabolites and toxins [439, 441, 442]. These associations 

reflect the close relationship between the gut microbiota, the colon and the liver and 

attest to the fact that diet and obesity are risk factors for these tumors [443].  

 

Sears et al. have suggested three possible models of how gut microbes can contribute 

to colorectal cancer together with the host environment, ultimately affecting the tumor 

biology, the microenvironment and/or the host response [444]. These scenarios are 

most likely also generalizable to the development of other diseases. The models are 

based on the effect of 1) individual pathological gut microbes; 2) a disease-promoting 

composition of the entire gut microbiota and 3) individual microbes which have the 

potential to drive the development of a pathogenic community of bacteria [442, 444]. 

Although interesting, there are a number of factors that may hinder the investigation 

of such links. For example, since the gut microbiota is under the influence of 

numerous variables and vary over time and since cancer is a relatively slow-

progressing disease, the cancer-promoting microbial profile may no longer be present 

at the time of diagnosis. Moreover, finding and defining a commonly observed 

disease-associated microbial profile may be difficult, judged by the disparity in results 

in the current literature. Longitudinal prospective studies that have the ability to 

identify potential shifts that occur prior to, or alongside with, carcinogenesis may 

overcome this problem, but will likely depend on our abilities to detect, identify and 

describe microbial profiles and changes. 
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Taken together, there is accumulating evidence for the impact of the gut microbiota in 

health and disease, including the pathogenesis of obesity, insulin resistance and some 

cancers. Additionally, as obesity is an important and common risk factor for many 

types of diseases and has been concluded to be the number one environmental risk 

factor for cancer [445], studying the impact of diet, including beverages, may be 

paramount for future cancer prevention and amelioration strategies.  

 

Exercise as a Means to Achieve a Favorable Body 

Composition with Regard to Disease and Mortality  

Exercise,	  Obesity	  and	  Metabolic	  Disease	  

The beneficial effects of exercise in terms of general health and prevention of 

metabolic disease are well established [446]. However, the underlying biological 

pathways of health promotion, irrespective of the impact on weight, the circulation 

and heart health, are poorly understood [264]. Unknown metabolic pathways can be 

missed opportunities for disease prevention and treatment, since metabolic 

biomarkers could potentially be used to study the effectiveness of interventions and 

since a known mechanism can provide information on potential new therapeutic 

targets.  

 

In Chapter 4 we had found that greater levels of physical activity and AEE/kg were 

associated with a serum metabolite profile that stood in great contrast to the profiles 

observed for adiposity and MetS risk factors. Importantly, these correlations were 

found for physical activity variables measured with DLW, the gold standard for 

assessing energy expenditure [447, 448]. Most consistently we found that serine and 
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glycine concentrations were higher with adiposity and MetS risk factors, but lower 

with physical activity and AEE. Interestingly, women with MetS risk factors could be 

divided into two categories; those who had high activity levels, a favorable body 

composition and also higher serine levels and those who were less active, had greater 

adiposity and lower serine levels. The women with the highest activity had PAL 

values that represented moderately to extremely active whereas the less active women 

were extremely inactive to moderately active [449]. The pathway analysis and the 

performed literature review suggested that serine and glycine concentrations may play 

an important role in the development of insulin resistance from obesity, since serine is 

a precursor for ceramides and other sphingolipids, which are known to accumulate in 

insulin-sensitive tissues where they interfere with insulin signaling [88].  

 

In addition to proposing a mechanism for the progression of obesity to insulin 

resistance and the potential beneficial impact of physical activity, the results also 

contribute to the discussion of metabolic healthy obese and unhealthy leanness [450-

452]. Indeed, women with MetS risk factors that were physically active had 

comparable serine concentrations to the healthy women with low activity levels. 

Moreover, comparison of these two groups did not generate any multivariate 

statistical model, indicating that their respective metabolite profiles were comparable. 

Although this is likely a simplistic view of obesity in relation to exercise, it does 

highlight the importance of exercise in both healthy individuals and those with 

metabolic disease. It also provides further support for the implementation of physical 

activity as prescriptions for adults with, or with high risk for, metabolic disease [453-

455]. 
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Alternative Approaches and Their Potential Impact on the Study Results 

In an attempt to create strata that consisted of a comparable number of participants, 

men and women with or without MetS risk factors were further divided into “low” 

and “high” activity groups, representing the lowest and highest 50% of each activity 

measure, respectively. In other words, participants were not divided based on the PAL 

literature or recommendations but rather based on an arbitrary scale. Yet, the cut-off 

point between low and high groups represented a PAL of 1.8-1.9, which is the mid 

point of moderate physical activity [449]. Thus, the respective groups do reflect an 

activity range lower and higher than what is considered moderate. Unfortunately, a 

dose-response relationship for physical activity and serine could not be observed, 

however this may have been a result of the limited sample size. A well-controlled 

intervention study with a greater number of participants would be better suited in this 

regard. It may also be of interest to study aerobic exercise and resistance training 

independently. These types of exercise have for example been seen to influence the 

relationships between physical fitness and diabetes control [456] as well as for 

visceral fat [457, 458].  

 

The proposed mechanism will also require more extensive validation, as it is possible 

that other pathways involving serine, such as one carbon metabolism, gene 

methylation and detoxification of reactive oxygen species could underlie the 

observations in this Chapter. For example, complementing the 1H NMR 

metabolomics with LC-MS could have provided information about circulating 

sphingolipids. However, the literature review on human participants showed less 

consistency for the effect of exercise on the accumulation of ceramides in blood [321, 

323, 324] compared to the skeletal muscle and the liver, where a favorable effect 
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[319, 325-328] or (less commonly) no effect [459-461] were noted. Although human 

tissues from insulin-sensitive organs might provide the strongest evidence for this 

pathway, these biopsies are invasive, painful, leave a scar and are associated with the 

risk of infection. Thus, other replication strategies should preferably precede such 

approaches. There is also a great body of work on gene expression profiles 

associating with MetS, including profiles of the skeletal muscle [462, 463], adipose 

tissue [463-466] and the liver [463]. Transcriptional data, as well as data on the 

epigenic regulation of gene expression [467] could well complement metabolomics 

validation efforts. Additionally, investigating the dose-response relationships, the link 

between circulating serine concentrations and insulin sensitivity as well as the impact 

of the quality of exercise on serine concentrations in human populations with and 

without metabolic disease could also provide additional insight. Similarly, replicating 

the study using animal models, studying the metabolic flux from labeled serine and 

alternative pathways and investigating the expression of serine palmitoyltransferase, 

the enzyme catalyzing the first step of de novo sphingolipid synthesis, with exercise 

and obesity and could strengthen the mechanistic evidence. If the results are verified, 

targeting this pathway pharmacologically may be an option for patients at high risk 

for metabolic disease, as has been evaluated in the field of cancer [468, 469]. 

Nevertheless, since sphingolipids have implications as bioactive molecules and as 

membrane components, more research would be required in order to investigate 

potential off-target effects.  

 

Lastly, there are numerous methods developed to measure physical activity and 

energy expenditure, each coupled with unique inherent strengths and limitations 

[470]. The use of DLW can contribute greatly to this field based on its accuracy and 
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objectivity, but it is expensive and depends on accurate estimations of basal metabolic 

rate and thermogenesis in order to calculate AEE. Other common objective methods, 

such as the accelerometer cannot be worn during sleep, contact sports or in water and 

are thus limited in their application [470]. Recent armband sensors, including the 

popular FitBit, have overcome this problem, but have instead been shown to 

underestimate energy expenditure in adults and to show high variability in 

performance [470-473]. Future technological advances could facilitate the 

implementation of such devices into the research setting.  

 

Maintaining	  (Lean)	  Body	  Mass	  in	  Cancer	  Patients	  	  

The loss of muscle mass in cancer patients is an extensive problem correlating with an 

increased disease burden and mortality [359]. For this reason, combatting cachexia, “a 

multi-factorial syndrome defined by an ongoing loss of skeletal muscle mass (with or 

without loss of fat mass) that cannot be fully reversed by conventional nutritional 

support and leads to progressive functional impairment” [474], was the aim of our 

original HNC study [350, 475]. Although not the primary focus of Chapter 5, cancer 

cachexia is closely related to the studies on human body composition and cancer 

biomarkers. Recent work also suggests that premorbid obesity may mask cachexia 

and suggests novel strategies for the diagnosis of cachexia that better reflect survival 

for overweight and obese cancer patients [476, 477]. Moreover, we showed that the 

metabolite profile of nonsurvivors and survivors may have reflected differences in 

adipose tissue and muscle degradation, which may have been caused by differences in 

the presence of cachexia and anorexia. Yet, the limited sample size in combination 

with the great variability in body mass loss and the change in body composition 

restricted such analysis.  
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For future work, combining metabolomics with gut microbial profiling, or the more 

extensive characterization of the microbiota by sequencing methods [478], may result 

in a more comprehensive understanding of cancer-associated cachexia. In fact, the gut 

microbiota has, in the context of insufficient caloric intake, been shown to cause 

kwarshiorkor, a type of severe starvation, which was demonstrated in a well-

conducted study using twins discordant for weight [479]. This gave rise to the theory 

that gut microbes may also be involved in cachexia [480-482]. The work on cancer 

cachexia and gut microbes has been spearheaded by Bindels et al., first reporting on 

the loss of Lactobacillus ssp. with cancer cachexia in a mouse model of leukemia, 

where the restoration of the bacteria was associated with reductions in muscle atrophy 

markers and circulating cytokines [483]. Using the same animal model, they later 

showed that a 2-week long prebiotic treatment modulated the gut microbiota and 

improved on cancer cachexia parameters, including anorexia, fat mass and enzymes 

involved in beta-oxidation [484]. There were also changes in the portal concentrations 

of propionate and butyrate as well as the composition of fatty acids in the adipose 

tissue, but no impact on serum or liver lipids or blood glucose [484]. Taken together, 

this early work suggests that gut microbiota and bacterial metabolites may be 

involved in the progression of cancer cachexia, at least in the murine model. To the 

best of my knowledge, there is no comparable work regarding solid tumors, humans 

or other animal models. The role of gut microbes in cancer cachexia, and by extension 

the potential of gut microbial modulation as a cachexia treatment, remains a rather 

unexplored area of study.  
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Notably, integrating gut microbial profiling was discussed for Chapter 5, but 

concluded to not be feasible as the study had already been initiated and because of the 

limited financial means. This is highly unfortunate since it might have been the first 

study investigating gut microbiota in cancer patients over time and in patients with 

solid tumors and since it may have provided insight to the benefits of exercise, the 

development of body measurements, the serum metabolome and survival (see below).  

 

Metabolites as Early Biomarkers for Cancer Diagnosis and 

Prognosis 

Metabolite	  Signatures	  as	  Early	  Signs	  of	  Survival	  for	  HNC	  Patients	  

In Chapter 5 we demonstrated that the metabolite profile of serum taken shortly after 

diagnosis associated with two-year survival in patients with HNC. The differences 

between survivors and nonsurvivors were moreover clearly defined despite matching 

for gender, age, cancer diagnosis, cancer stage, time of diagnosis and early body 

measurements, to the greatest possible extent. This indicates that metabolite 

biomarkers may be complementary to current clinical practice, providing a more 

accurate prognosis, suggesting novel therapeutic targets and contributing to an 

increased understanding of the mechanisms associated with patient outcome, with the 

ultimate hope of increasing survival [105]. However, at this early stage such 

predictions are only hopeful estimations and will require extensive validation prior to 

realization. Indeed, promising work has in the past proven unsuccessful in resulting in 

clinical biomarkers, as will be further discussed below.  

 

It should also be noted that the earliest blood samples (time point 1) were collected 1-

19 weeks post diagnosis for nonsurvivors and matched survivors and not at the time 
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of diagnosis. The latter would have provided a better idea of the potential utility of 

serum metabolomics as an early prognostic tool in the clinic. Other limitations include 

the variability in factors such as time since diagnosis, cancer subtype, tumor stage and 

recurrence, which in combination with the limited sample size reduced the potential to 

detect true associations. This is mostly a consequence of the relative rarity of HNC. 

Multi-center collaborations and/or longer time for recruitment and sample collection 

are likely required to overcome this challenge. Furthermore, although the year-long 

follow up provided great insight into the impact of cancer treatment on cancer- and 

cachexia-related factors and the serum metabolome, extending the follow-up would 

have provided further information regarding the recovery from the cancer treatment. 

It is also possible that differences in the ability to regain the premorbid body 

composition, physical performance and wellbeing could have been detected. The 

proportion of nonsurvivors and matched survivors in the study is also likely to have 

been greater. Nevertheless, prolonging the study period would also have been 

associated with greater study costs and labor as well as a greater commitment from 

study participants. Moreover, in order to truly benefit from this information with 

regard to survival, patient outcome would have had to be determined at a later time 

point, which was not possible within the timeframe for this thesis. Because of the 

study design and the limited sample size, it was not possible to assess whether the 

metabolic profile reflected common adverse events of cancer e.g., inflammation, 

tumor progression, malnutrition and/or cachexia or whether the profile may be unique 

to HNC patients. For example, lower creatine and glycerol were common for both 

HNC and OC patinets in this thesis, while other metabolites including 3-

hydroxybutyrate showed opposite correlations. Lastly, since survival was associated 
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with a pronounced difference in the serum metabolome, it is tempting to speculate 

that there were differences in the gut microbial profile as well.  

 

Addressing	  the	  Great	  Variability	  in	  Cancer	  Biomarker	  Research	  	  

The Inconsistency of OC Biomarkers and Its Relations to Common Risk Factors 

Comparing the results of studies that are similar in terms of research question, type of 

study participants, biological specimen and analytical approach is likely to result in 

only minor resemblances. This is in part reflective of metabolomics as a relatively 

novel field, with great variability in the types of analytical and statistical approaches. 

However, as most metabolites are not specific to a disease or an individual variable, 

there is also a need to adjust for confounding effects as well as to account for the 

presence of co-morbidities. In Chapter 6, it was shown that only eight statistically 

significant metabolites were common for 2-3 studies, when comparing eight case-

control studies of women with OC and healthy controls [380-387]. As the premise of 

a good candidate biomarker in part is dependent on its high prevalence across 

populations, the underlying reasons for this disparity need to be properly addressed 

prior to the search of novel biomarkers that can be generalized to the general public 

[485, 486]. Part of the inconsistencies may have arisen from differences in the 

matching of the control participants with regard to age, menopausal status, 

consumption of oral contraceptives, the number of pregnancies and breastfeeding 

among others. It is furthermore possible that the reported differences in the 

metabolome in the literature may have been overestimated as a consequence of 

incomplete matching, indicated by the fact that the most extensive matching, 

performed by us, also resulted in the weakest multivariate model for cases and 

controls. It is also possible that the inconsistency in the OC metabolomics literature 



 

 192 

reflects the differences in when samples were collected in regards to diagnosis, tumor 

type (e.g., high-grade vs. low-grade, tumor type and invasiveness) and cancer 

treatment, as discussed for HNC. Moreover, our weaker models may have been a 

result of the small sample size, the inclusion of all cancer stages and subtypes and the 

lower number of metabolites as part of data reduction steps. Serum was furthermore 

collected in a single vial per participant, which resulted in multiple freeze-thaw cycles 

in order to perform 1H NMR, GC-MS and FIA-MS/MS analysis. Although it has been 

concluded that repeated freeze-thaw cycles have only minimal impact on sample 

integrity and metabolite concentrations [121, 145, 149], collecting blood in multiple 

vials would have been preferable. 

 

Of note, pathway analysis using MetaboAnalyst was performed for Chapter 6, but did 

not result in any significant pathways. Identifying candidate pathways can, in 

combination with a well-planned study design, suggest potential biomarkers and/or 

therapeutic targets.  

 

Integrating Metabolite Biomarkers into the Clinic 

As mentioned in the Introduction Chapter, many proposed metabolite biomarkers 

have failed to reach the clinic as a result of low sensitivity and specificity and/or 

problems with the study design and reproducibility [109, 110]. Controlling for 

confounding factors and minimizing the impact of sample collection and analysis are 

two ways to increase reproducibility of a pilot study. Below, appropriate steps in 

validating and incorporating cancer biomarkers into the clinic, such as those detected 

for HNC and OC, are discussed in brief.  
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Small studies such as the HNC and OC studies in Chapters 5 and 6 require validation. 

Since these two projects are no longer enrolling patients, external validation with 

novel participants would be performed, preferably with a large sample size [100, 

110]. The next step would be to develop a metabolite assay, provided that the 

metabolite findings were replicated, and to optimize the extraction, separation, 

detection and quantification protocols as well as to establish the absolute 

concentrations of the metabolites that associate with the cancer or outcome [109, 

110]. Next, the assay should be further optimized, for example in terms of 

reproducibility, simplicity and cost, and be validated using retrospective and 

prospective studies to assess its potential, including establishing its performance in 

terms of the sensitivity and specificity [109, 111]. For a cancer biomarker, these later 

validation steps are challenging and time consuming as cancer is a relatively slow-

growing disease and since the individual cancer subtypes are relatively rare. 

Prospective studies would thus have to have long follow-up times and to be large in 

order to gather sufficient numbers, even if specifying the including criteria to 

individuals with higher risk for developing a certain cancer and if planning for a 

relatively small study. Lastly, and importantly, the benefits and downsides of the 

assay should be evaluated. Benefits can include increased survival, improved 

treatment response, fewer side effects and cost-effectiveness whereas a high cost and 

potential suffering as a consequence of testing or false positives are possible 

disadvantages [111].  

 

Notably, the Alberta’s Tomorrow Project is aimed to address the need for large 

prospective cancer studies and is currently comprised of 55 000 adults without a 

history of cancer [487]. Participants have completed questionnaires regarding disease, 
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lifestyle and socioeconomic factors and which have provided biospecimens including 

blood, urine, extracted DNA and saliva, but unfortunately not stool samples for 

microbial analysis. Importantly, 99% of all participants have provided their health 

insurance number, allowing for the researchers to continuously update any incidence 

of cancer that occurs within the 50-year study limit. In the case of HNC and OC, 6-7 

and 2-3 participants can be expected to be diagnosed with the respective cancers each 

year once the study had reached its full study size. This is a very crude estimate based 

on the respective cancer incidence of 4300 [488] and 2800 [443] Canadians per year, 

the number of habitants in Canada in 2016 and the gender distribution within the 

cohort (personal correspondence with Michelle Sharma, research associate, Alberta’s 

Tomorrow Project). Based on these simple calculations, several hundred participants 

are predicted to receive either a HNC or OC diagnosis by the end of the study. It will 

thus be possible to strategically stratify according to gender, cancer subtypes and 

potential confounding effects, which hopefully can generate results with great impact 

on future generations.  

Novel Strategies to Improve the Reproducibility and Quality 

of Metabolomics Data 

Much work and consideration were undertaken prior to the execution of the 

metabolomics experiments presented in this thesis, including efforts to reduce the 

variability in NMR sample preparation, ensuring identity for FAME and polar GC-

MS metabolites, accounting for multiple testing and perfomeing permutation tests on 

the multivariate model of the most recent study (Chapter 5). However, there are 

additional strategies that potentially could have improved on the quality of the 

metabolomics experimentation and presentation, if they had been implemented. 
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Below, four select strategies to improve on the reproducibility of metabolomics 

studies are discussed.  

 

Calculating the Appropriate Sample Size 
The power to detect true associations is highly dependent on sample size, yet there is 

no accepted practice for power calculations for metabolomics studies at date. Part of 

the reason is likely the broad range of the statistical methods available, and the need 

for which can moreover be highly unpredictable as many metabolomics studies 

employ a non-hypothesis driven approach. For cancer metabolomics studies, a limited 

sample size is common, with the vast majority of studies ranging from 25-50 

participants [102]. Thus, it is possible that many (cancer) metabolomics studies are 

underpowered. 

 

The need for sufficient sample sizes is being recognized. For example, Metabolon 

Inc., include statistical power as one out of 5 “core elements” that they suggest are 

required for a well-designed metabolomics study [489]. They recommend more than 

10 small animals or 50 humans for one-center metabolomics studies, provided that the 

phenotype or induced effect is sufficiently strong and that the study group is relatively 

homogenous. In other words, study groups that are diverse in terms of gender, age and 

BMI and/or that undergo diet or exercise interventions may require larger sample 

sizes. This may also be true for studies that are suspected to have a higher drop out 

rate or that require high quality data for multiple measuremens and thus more sample 

exclusions. In the last few years several attempts have been made to provide 

researchers with tools addressing this issue, including sample size estimators based on 

the anticipated number of important metabolites, the type of multivariate comparison, 



 

 196 

the desired effect size and the preferred FDR limit [490-492]. However, collecting the 

required number of samples may be limited by factors such as ethical considerations, 

time restraints for collection or analysis, costs limitations, rarity of a disease and/or 

the unwillingness of potential participants to enroll in a study. In addition, many 

metabolomics studies also include other experiments that may dictate the power 

calculations. For example, the number of rats required for the studies investigating the 

effect of coffee and APM (Chapters 2 and 3) was based on the estimated difference in 

glucose tolerance between lean and diet-induced obese animals, and thus reflective of 

diet and glucoregulation rather than type of fluid and the metabolite and gut microbial 

profile. For the participants undergoing DLW assessments (Chapter 4), sample size 

calculations were based on the variance of the physical activity measurements, as the 

original study was created as a validation study for the STAR-Q questionnaire [271]. 

Since participants were divided into multiple strata for the metabolomics study, based 

on gender, MetS status as well as levels of physical activity, the power to detect true 

associations was greatly reduced. The minimum number of HNC patients required for 

the study (Chapter 5) was calculated based on the projected effect size of strength 

training on lean mass [475] whereas the number of OC patients and matched controls 

in the pilot study (Chapter 6) were a convenience sample size. For future work, power 

calculations based on the metabolomics analysis could help select for study sizes 

appropriate for comparisons of metabolic signatures and thus help generate data with 

higher reproducibility. Larger sample sizes that allow for a training set and an 

independent test/validation set should also be considered.  

Assigning and Validating Metabolite Identities  
One of the major challenges in metabolomics studies is finding and verifying the 

metabolite identity as well as differentiating between metabolites that are sample-



 

 197 

derived in contrast to compounds resulting from the sample preparation and analysis 

[493, 494]. This is especially a problem for untargeted mass spectrometry, as the high 

sensitivity also results in the greater detection of impurities. Although, automated 

software relying on metabolite libraries can facilitate metabolite detection and 

identification, it can also in our experience be prone to assign incorrect or 

questionable metabolite identities to a minor, but not negligible, proportion of the 

metabolites. Needless to say, missing or incorrect information will introduce 

unnecessary problems with reproducibility and complicate the search for the 

biological meaning of the results [493]. When GC-MS was used in the studies 

presented in this thesis, the spectral peaks of unknown and known polar metabolites 

were investigated and compared to the NIST library of standard references 

(https://www.nist.gov). Moreover, the ions of known contaminants were excluded 

using customized filters during the detection with Metabolite Detector [495]. Taken 

together, this allowed for the removal of spectral noise or compounds derived from 

the column or derivatization agents, which otherwise would have been classified as 

“unknown metabolites”. Theoretically, one could also analyze multiple analytical 

replicates and investigate which signals that are consistent (likely metabolites) and 

which vary (likely contaminants) [496]. However, contamination during sample 

preparation and analysis as well as column-bleed may be relatively constant and 

carry-over effects may also cause variance in the concentrations of “true” metabolites. 

Improvements in the software performance together with the continued development 

of metabolite libraries could lead to more reliable identifications and the decreased 

the need for manual inspection [497].  
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Better yet, using pure metabolite standards and metabolite spiking of samples can 

provide reliable identifications of metabolites of interest. Pure FAME standards were 

analyzed for the lipid fraction GC-MS analysis included in this thesis (Appendix B). 

For NMR, the chemical shift and the number of peaks of a standard can be compared 

to the experimental results to either confirm or reject metabolite identity, whereas the 

equivalent for mass spectrometry would be the retention time, the identifying ions and 

the fragmentation pattern [494]. Pure metabolite standards can preferably also be used 

to create a library of the most commonly detected metabolites, ensuring that the vast 

majority of the metabolite profiles of subsequent studies is validated. The library can 

later be expanded as additional standards for metabolites of interest are analyzed. The 

downside of such work includes cost, labor, time and potential unavailability of 

standards [167]. Isotope labeled standards can, in extension to be used to study 

metabolic fluxes [167], also be used to spike samples prior to analysis. This can thus 

verify the presence and identity of specific metabolites in a sample, but required 

either prior knowledge about the study or additional samples/ sample volumes to be 

analyzed.  

 

Changing the Way We Report on Metabolites and 

Metabolomics Findings  
Although efforts were made to verify metabolite identities in the work presented in 

this thesis, the level of confidence (e.g., confirmed metabolite, probable metabolite, 

metabolite with some structural resemblance and unsure identification) was not 

reported and identities were not confirmed using pure metabolite standards, with 

exception to the FAME data. Such efforts and transparency in reporting could have 

not only ensured a higher level of certainty in the identifications but also have advised 
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the readers on the level of efforts made to validate assigned identities. Indeed, while 

the minimum reporting standards for metabolites have been extensively discussed, 

they remain poorly implemented by the scientific community, resulting in an 

uncertainty in identifications among metabolomics studies in general [493].  

 

Comparisons between studies may also be challenged by differences in ontology, 

selectivity in data reporting and methodology. Some strategies to overcome such 

problems include publishing lists of all detected metabolites, uploading the raw data 

in usable formats and sharing it in data repositories, measuring the absolute 

concentrations and reporting on the size of the change/difference in the metabolite 

concentrations [12-14, 167]. However, such aspects are partly dictated by the 

requirements of the scientific journals, including the common limitation in the 

number of tables and the size of the supplementary data for each publication. Lastly, 

reporting on changes at the level of pathways is one way to connect studies on 

different parts of the metabolome (e.g., amino acids vs. lipids and serum vs. tissue) as 

well as transcriptomics and proteomics studies. However, to avoid similar 

discrepancy in reported pathways mechanisms should preferably be validated with 

flux studies since most metabolites are involved in multiple pathways.  

 

Finding the Biological Meaning of Metabolite Profiles  
The study of metabolite fluxes has led to a number of important discoveries, including 

the regulatory role of certain lipids in cytokinesis, glucose metabolism in cancerous 

cells and the unraveling of the role of cancer-associating enzymes, as has been 

discussed by Zamboni et al. [494]. The need for these approaches lies in the difficulty 

of establishing which factors that have contributed the to the concentration of a 
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metabolite or metabolite profile. For example, it is not possible in most serum 

metabolomics studies to attest if a metabolite concentration has been changed as a 

consequence of an altered ingestion/production/uptake into the circulation or 

alterations in excretion/breakdown/metabolism/cellular uptake [167, 494]. 

Additionally, it remains difficult to determine whether a relationship is causal or 

correlational and whether certain metabolites or signatures are consequences of 

disease or non-disease factors such as diet, genetics or other [167]. The idea behind 

incorporating stable isotopes in metabolomics studies is that it is possible to study the 

fate of a metabolite through labeling. For example, providing participants or animals 

with labeled serine and propionate could show whether the labeled atoms are 

incorporated into sphingolipids and glucose, respectively, or alternative molecules 

through alternative pathways [498]. Yet, these studies are complex and require careful 

consideration [167]. For example, some of the difficulties lie in knowing when to 

collect samples of the labeled-products in order to get a representative measurement, 

the labeling pattern of the metabolite(s) and how to best interpret the data [167].  

 

Validating metabolomics findings through the study of upstream changes can also 

provide a comprehensive understanding of a normal biological or pathological event 

[499]. Pathological functions of enzymes, or disease-associated genomic profiles 

could be discovered through such analysis and then further investigated. 

Alternatively, one can measure all or most of the metabolites involved in a given 

pathway and investigate potential accumulations, increases or decreases in 

concentrations, as has been referred to as ‘flux analysis’ [104]. Similarly, metabolites 

can be placed in a biological context by comparing with parallel events, such as 

plasma fatty acids, plasma insulin and GIP, liver TG and gut microbiota, in the case 
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of propionate (Chapter 3). Such work could generate novel hypotheses in exploratory 

studies, yet has limited capacity to ascertain specific mechanisms or causality.  

 

Perspective on Metabolomics Research in Health and 

Disease 

The Challenge of Determining What Constitutes a Healthy 

Metabolome 
The field of metabolomics is greatly focused on the search for metabolite signatures 

that correlate with disease. Despite this, little is known about what constitutes a 

healthy metabolite profile, and by extension the normal range of variation for 

individual metabolites in absolute concentrations. Part of the difficulty lies in 

determining the extent of the impact of common variables on metabolite 

concentrations as has been previously discussed. Although many studies attest to the 

influence of such variables on the metabolome, it remains difficult to estimate how 

much of a measured metabolite concentration that is likely to have been dependent on 

non-disease variables. 

 

Unfortunately, studies tend to focus on adult, male and Caucasian participants, which 

has limited our understanding of common variation across populations and how these 

correlate with disease risk. Stratifying men and women, as was done in Chapter 4, is 

one way to increase our knowledge of potential gender differences, but is instead 

challenged by reductions in sample size. Interestingly, as mentioned in the 

introduction Chapter, one study has found that the variation in the adult serum 

metabolome was gender-dependent, with men showing continuous changes after the 
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age of 30 whereas adult women showed two relatively stable phases; before and after 

menopause [28]. To the best of my knowledge, no study has yet evaluated the human 

metabolite profile from infancy, childhood and through adulthood. Such information, 

especially if generated from a large cohort of men and women, could provide useful 

information about the formation of the metabolome early in life and how it evolves 

over time. This could in turn inform on crucial shifts in the metabolome, suggest 

which factors that are associated with the formation of a healthy (as well as a disease 

associated) metabolite profile and possibly identify early windows of opportunity for 

metabolic disease prevention. It could also provide information on whether there is a 

gradual shift or a sudden change in the metabolome in regard with a certain disease. 

Moreover, the early detection of biomarkers for disease prediction and mortality 

could be facilitated if the natural variation in the metabolome is quantified at different 

ages. Of note, the development and evolvement of the gut microbiota has been 

studied, resulting in the identification of multiple factors that associates with health 

and disease during infancy, childhood and adulthood [500]. For example, mode of 

delivery and breast/bottle feeding have been linked to pathogenic infections and has 

furthermore been speculated to impact gut physiology as well as immune system 

maturation [500]. It is thus possible that metabolomics studies of this kind can result 

in equally as important contributions. In addition, combining such metabolomics and 

gut microbial data could help establish links crucial for human health and help 

discover the relationship between metabolites and the microbiome as well as the 

extent of this interaction at different time points in life.   

 

Little is also known about the importance of long term versus short-term metabolite 

profiles in relation to health and disease. For example, how long does an intervention, 
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such as an exercise or diet program, have to be in order to impact disease risk and 

progression, if metabolite concentrations return to normal post intervention? How 

important are the metabolite profiles following exercise or a healthy meal compared 

to an individuals baseline profile? Do metabolites return to “normal” following a 

single, multiple and habitual means and bouts of exercise and if so, how quickly? 

Answering questions like these may in the future aid the development of novel health 

guidelines and the selection of the interventions with the highest impact and could 

also lead to the identification of novel therapeutic targets. Importantly, such 

information could also shed light on the importance of habitual diet and exercise, as 

was studied in Chapter 4.  

 

The Potential of Metabolomics in Cancer Research and 

Medicine 
In the Greek and Roman mythology, the ‘Learnean Hydra’ was a fearer multi-headed 

monster with poisonous breath and blood and with the capacity to regrow one or 

multiple heads for every head that was chopped off. It was only killed when two 

methods were combined; fire and the sword. In many ways, the Learnean Hydra is an 

excellent metaphor for cancer. Despite considerable efforts, cancer remains for many 

a mortal disease, contributing to an estimated 8.2 million deaths annually worldwide, 

with a predictive increase in incidence of 20% over the next 20 years as a result of a 

growing and aging population and the higher prevalence of common cancer risk 

factors, such as obesity and sedentary behavior [501, 502]. Furthermore, while 

attempts to combat cancer may decrease the size of the tumor or appear to have 

completely abolished the cancer, tumor regrowth, recurrence and metastasis are 

unfortunate and common events. Luckily however, combining surgery, radiation and 
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chemotherapy has together with early detection strategies resulted in a decrease in 

cancer-related mortality worldwide [503]. This is also seen for some individual 

cancers, including tumors of the colon and rectum, breast, prostate and children’s 

cancers in North America and Europe [502, 504]. Indeed prostate and breast cancer 

have 5-year survival rates greater than 88% in Canada [443].  

 

The high accessibility and quality of cancer treatment are believed to play a 

prominent role in why cancer mortality rates are only 8-15% higher in developed 

countries compared with developing countries, when cancer incidence for the former 

is twice as high [502]. This also highlights the different challenges in the less 

developed countries, including the poorer health care performance as well as the 

lower life expectancy due to non-cancer related factors, such as infection [502]. In 

developed countries, vaccination and screening against HPV have been proven 

successful in limiting cervical cancer incidence with approximately 65%, despite the 

relatively low incidence of the virus (5%) in these populations [502]. However, HPV 

infections are most common in the less developed countries with estimated incidence 

of 20% in both Africa and India, where there are no national vaccination strategies 

[502, 505]. Vaccination programs could thus greatly improve on the cancer burden in 

these regions, but will need to overcome challenges such as cost and practicality as 

well as the stigmatization and lower awareness [505-507].  

 

Cancer	  from	  a	  Metabolomics	  Perspective	  

From a metabolomics perspective, cancer research has some unique challenges. In 

contrast to some infectious diseases such as sepsis, which have distinct metabolite 

profiles as a consequence of the acuteness and severity of the illness [70], cancer 
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metabolomes are generally less distinct and specific. Thus, developing a metabolite 

assay for the detection of a certain cancer requires the identification of a profile that is 

under minimal influence of natural variation due to gender, age and diet as well as 

potential co-morbidities, while also having a high sensitivity. The magnitude of this 

challenge is reflected in the clinic where there, to the best of my knowledge, is no 

metabolomics cancer tests in use [109]. In contrast, the relative slow progression of 

cancer allows for the time to (repeatedly) analyze a patient’s biospecimen using 

metabolomics technology, which in comparison may not be possible in patients with 

acute illnesses. Metabolomics may also be well suited to study the dynamic changes 

occurring in response to cancer progression, side effects, treatment and response since 

metabolites are closely linked to the phenotype and found in constant change, in 

contrast to the genome [508].  

 

Metabolomics is a young field in need of refinement in the sample handling, analysis, 

data validation and reporting. While there is a constant stream of exciting novel 

research published, the clinical utility of metabolomics research will be greatly 

limited until these issues are properly addressed [508, 509]. Perhaps most 

importantly, efforts to verify metabolite identities and mechanistic links are 

paramount and a routine use of labeled metabolite standards could greatly advance the 

metabolomics field. The time, cost and efforts of such method development may be 

well spent, considering some of the achievements in cancer research to date, including 

the proposed novel therapeutic targets in brain cancer [119] and non-small cell lung 

cancer [117, 118], as mentioned in the Chapter 1. In addition, the aberrant tumor 

metabolism is considered a cancer hallmark, attesting to the importance of metabolic 

pathways in cancer [95, 96]. As we uncover more of the human metabolome, 
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including the discovery of novel metabolites and pathways, and the relations to health 

and disease, metabolites may prove to be widely applicable in the clinic [508]. 

Indeed, metabolomics medicine is thought to become a major part in strategies to 

improve on drug design, patient stratification and the understanding of the underlying 

biological mechanisms as well as the prediction of treatment-response, recurrence and 

survival and to lead to an overall advancement in cancer medicine [508, 509]. 

Metabolomics may also be of great use in the efforts of early cancer detection, as 

metabolites have been shown to change years prior to the clinical manifestation of 

disease, perhaps best demonstrated in the case of diabetes [78, 79].  

 

Concluding	  Remarks	  

Research history has attested to the great difficulty in defining what makes for 

realistic expectations of novel technological advances. One the one hand, while the 

importance of genomics information is unarguably well established, the clinical 

implementation of genomics has been slow and challenging and thought by some to 

be underwhelming in comparison to the optimistic predictions [510-512]. On the 

other hand, Dr. McLafferty, one of the recognized pioneers in the field of mass 

spectrometry, recalls commenting in 1956 on the future of mass spectrometry, stating 

“I think it’s developed about as far as it’s going to go” [3]. The future success of 

metabolomics is in other words difficult to predict. Glancing at the advances in cancer 

research and its relations to mortality can however give an idea of the power of the 

collective efforts on cancer burden. Comparing global data from 2000 and 2010, it has 

been estimated that close to 700 000 cancer-related deaths were avoided as a result of 

improvements in cancer control during that decade [503]. It may thus be possible that 

the integration of metabolite assays and novel (metabolite-driven) targeted treatments 
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can result in similar numbers in the future, together with other ongoing cancer 

research and its implementation.  
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separation between groups based on A-B. Diet and C-D. fluid treatment. 
 
Supplementary Figure 2 (Chapter 4). Supervised OPLS-DA score scatter plot (left) 
and loadings plot (right) showing a close to complete separation between men (dots) 
and women (circles) based on the serum metabolome.  
 
Supplementary Figure 3 (Chapter 5). Differences in self-rated symptom ratings 
between time points for all participants.  
 
Supplementary Figure 4 (Chapter 5). Differences in physical performance and body 
measures between time points for all participants.  
 
Supplementary Figure 5 (Chapter 5). Score scatter plots based on VIP>1 metabolites 
for the comparison of nonsurvivors (dot) and best-matched survivors (circle) at T2-
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Supplementary Figure 6 (Chapter 6). PCA score scatter plots for OC patients (black 
dot), matched controls (open circle) and pooled QC (star).  
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Supplementary Table 7 (Chapter 5). Results of the permutations tests performed on all 
multivariate VIP models, presented as Q2 intercepts.  
 
Supplementary Table 8 (Chapter 5). VIP >1 metabolites for nonsurvivors compared to 
matched survivors for A. 1H NMR and B. GC-MS.  
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MS/MS, respectively. 
 
Supplementary Table 10 (Chapter 6). List of all quantified fatty acids measured as 
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Supplementary Figure 1 (Chapter 3). PCA based on all four groups, showing 

separation between groups based on A-B. Diet and C-D. fluid treatment. Each dot 

represents one individual rat based on the serum metabolite profile. The axis represent 

the principal components (PC) and the ellipse the 95 % confidence interval. PC1 

(16.6%), PC2 (14.0%) and PC3 (10.5%), with a cumulatively explained variance of 

41.1%. 
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Supplementary Figure 2 (Chapter 4). Supervised OPLS-DA score scatter plot 

(left) and loadings plot (right) showing a close to complete separation between 

men (dots) and women (circles) based on the serum metabolome. Every dot/ circle 

represents one participant. The score scatter plot and loading plot are superimposable 

and indicate which metabolites that associate with either gender. The model was 

based on two components, including one orthogonal component (Y-axis), with a R2 of 

0.73 and a Q2 of 0.61. The distinct clustering of gender indicates that there are 

considerate differences in the overall metabolome of men and women. The ellipse 

represents the 95% confidence interval.  
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Supplementary Figure 3 (Chapter 5). Differences in self-rated symptom ratings 

between time points for all participants. Lower FHNSI scores represent worse 

symptom ratings, whereas lower ratings of other symptoms (A-I) and work ability (N-

P) reflect lower disturbance. Statistical significance compared to T1 (*) and T2 (†) is 

indicated. A. total score of disturbance B. wellbeing compared to best C. anxiety D. 

appetite E. nausea F. pain G. tired H. drowsiness I. shortness of breath J. total FHNSI 

score K. drug-resistant S.Pneumoniae-specific FHNSI score L. treatment-specific side 

effects FHNSI score M. functional well-being-specific FHNSI score N. total work 

ability O. physical work ability P. mental work ability.   
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Supplementary Figure 4 (Chapter 5). Differences in physical performance and 

body measures between time points for all participants. Statistical significance 

compared to T1 (*) and T2 (†) is indicated. A. total grip strength B. right hand grip 

strength C. left hand grip strength D. sit-to-stand performance E. sit-to-reach 

performance F. 6 min walking distance G. 6 min perceived exhaustion H. vigorous 

physical activity (min/week) I. moderate physical activity (min/week) J. body mass 

(kg) K. BMI (kg/m2) L. chest circumference (cm) M. waist circumference (cm) N. hip 
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circumference (cm) O. waist:hip ratio P. biceps (cm) Q. percent body fat (%) R. lean 

mass (kg). 

  



 

 249 

 

Supplementary Figure 5 (Chapter 5). Score scatter plots based on VIP>1 

metabolites for the comparison of nonsurvivors (dot) and best-matched survivors 

(circle) at T2-T5. A.  1H NMR at T2 B. GC-MS at T2 C. combined dataset at T2. D. 

GC-MS at T3 E. combined dataset at T3 F. 1H NMR at T4 G. GC-MS at T4 H. 

combined dataset at T4 I. 1H NMR at T5 J. GC-MS at T5 K. combined dataset at T5. 

No multivariate model could be made for T3 with 1H NMR data. The PLS-DA plots 

have only one PLS component whereas the OPLS-DA plots show the PLS component 

(x-axis) and the first OPLS-DA component (y-axis) and have the 95% confidence 
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interval indicated by the ellipse. Each dot/circle represents one sample from one 

participant.  
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Supplementary Figure 6 (Chapter 6). PCA score scatter plots for OC patients 

(black dot), matched controls (open circle) and pooled QC (star). A. 1H NMR B. 

GC-MS (aqueous) C. FIA-MS/MS D. Combined dataset based on all three 

metabolomics approaches. PCA for 1H NMR data only had one principle component 

(PC 1) whereas the remaining had multiple principle components as indicated by 

principle component 1 and 2 (PC 1 and PC 2). The latter have their respective 95% 

confidence interval indicated by the ellipse. Each dot/circle represents one sample 

from one participant.  
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Group Primers (F and R) Genomic DNA  Reference 
    Standard   
Total bacteria F:ACTCCTACGGGAGGCAGC Escherichia Amann.1990;               
  R:GTATTACCGCGGCTGCTG coli Liu.2001  
Firmicutes F:GCACAAGCAGTGGAGT Clostridium  Matsuki.2004              
Clostridium leptum R:CTTCCTCCGTTTGTCAA leptum  
group (cluster IV) 

    
Clostridium 
coccoides F:ACTCCTACGGGAGGCAGC Ruminococcus Amann.1990;   

group (cluster XIV) R:GCTTCTTAGTCARGTACCG productus Franks.1998 
Clostridium  F:ATGCAAGTCGAGCGAKG Clostridium Rinttila.2004         
group (cluster I) R:TATGCGGTATTAATCTYCCTTT perfringens   
Clostridium  F:ACGCTACTTGAGGAGGA Clostridium  Song.2004         
group (cluster XI) R:GAGCCGTAGCCTTTCACT difficile   
Lactobacillus F:GAGGCAGCAGTAGGGAATCTTC Lactobacillus Delroisse.2008 
  R:GGCCAGTTACTACCTCTATCCTTCTTC  jensonii   
Roseburia  F:TACTGCATTGGAAACTGTCG Roseburia  Larsen.2010 
  R:CGGCACCGAAGAGCAAT hominis   
Bacteriodetes F:TCCTACGGGAGGCAGCAGT Bacteroides  Bernhard.2000;   
Bacteroides/ R:CAATCGGAGTTCTTCGTG thetaiotaomicron Nadkarni.2002 
Prevotella    
Actinobacteria F:CGCGTCYGGTGTGAAAG Bifidobacterium  Delroisse.2008 
Bifidobacterium R:CCCCACATCCAGCATCCA adolescentis  
Proteobacteria F:CATTGACGTTACCCGCAGAAGAAGC Escherichia Bartosch.2004   
Enterobacteriaceae  R:CTCTACGAGACTCAAGCTTGC coli  

 

Supplementary Table 1 (Chapter 2). Gut microbiota primers, forward (F) and 

reverse (R), and bacteria genomic DNA standards for RT-PCR. Primers were 

used to determine bacterial composition for each animal and allow for the comparison 

between dietary groups.  
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 MEN WOMEN ALL PARTICIPANTS 
Serum metabolite Mean SD Median Mean SD Median Mean  SD Median 

2-Aminobutyrate 9.1 4.1 9.1 7.8 3.1 7.7 8.4 3.6 8.9 

2-Hydroxybutyrate 16.5 7.6 17.3 13.9 5.3 13.1 15.0 6.5 14.8 

2-Hydroxyisovalerate 3.3 1.8 3.5 3.3 1.4 3.5 3.3 1.6 3.5 
3-Hydroxybutyrate 28.9 42.8 15.5 22.1 18.0 14 25.0 31.1 15 

Acetate 16.4 4.7 15.7 17.1 5.1 16.1 16.8 4.9 16.1 
Acetoacetate 12.5 12.7 9.3 9.5 4.9 9 10.8 9.1 9.3 

Acetone 4.2 3.4 3.2 3.9 2.6 3 4.0 2.9 3.15 
Alanine 162.2 29.5 152.9 147.2 31.0 141.5 153.6 31.1 147.2 

Arginine 42.1 15.5 49.1 42.9 12.0 49.1 42.5 13.5 49.1 

Betaine 19.9 5.8 19.3 15.7 4.4 15.1 17.5 5.4 16.9 
Butyrate 2.8 1.6 2.7 2.8 1.3 2.7 2.8 1.4 2.7 

Carnitine 18.5 4.6 19.1 13.8 3.1 14 15.8 4.5 15.65 
Choline 4.4 1.8 4.6 4.2 0.8 4 4.3 1.3 4.25 

Citrate 54.9 13.5 56.2 61.4 11.6 60.7 58.6 12.8 58.9 

Creatine 9.8 4.4 8.4 13.1 5.8 12.1 11.7 5.5 11.4 
Creatine phosphate 5.1 2.2 4.9 4.6 1.9 4.9 4.8 2.1 4.9 

Creatinine 21.0 5.9 21.1 17.9 5.7 17 19.2 6.0 19.05 
Dimethyl sulfone 5.3 11.5 3.2 7.5 24.0 3.8 6.6 19.6 3.45 

Dimethylamine 2.0 2.2 1.3 1.8 1.8 1.3 1.9 2.0 1.3 
Formate 3.3 3.7 0 3.6 4.2 0 3.4 4.0 0 

Glucose 1986.1 230.9 1982.5 1839.8 219.5 1846.4 1902.2 234.6 1907.9 

Glutamine 211.8 29.1 212.4 201.3 26.9 203.8 205.8 28.2 211.6 
Glycerol 889.8 251.8 942.9 880.9 316.5 841.8 884.7 289.0 911.4 

Glycine 96.1 20.7 93 120.3 44.3 109.8 110.0 37.9 98.65 
Histidine 26.5 8.1 28.5 28.8 4.7 28.1 27.9 6.4 28.3 

Isoleucine 27.3 4.1 29.1 21.4 3.3 20.8 23.9 4.7 23.2 

Lactate 705.3 147.8 697.5 630.8 139.8 583.1 662.6 147.1 644.55 
Leucine 53.1 7.8 53.9 43.3 5.9 42.3 47.5 8.3 45.7 

Lysine 56.1 10.5 55.6 50.5 13.5 47.7 52.9 12.5 51 
Methionine 11.1 3.3 11.3 9.7 2.3 9.8 10.3 2.8 10.45 

Methyl succinate 6.7 3.2 7 6.2 2.0 5.9 6.4 2.6 6.25 
Myo-inositol 17.1 9.8 16.1 16.7 7.9 14.3 16.9 8.7 15.25 

O-Phosphocholine 1.7 0.8 2 1.6 0.6 2 1.6 0.7 2 

Ornithine 26.2 7.2 26.8 22.6 6.8 21.8 24.2 7.2 23.9 
Phenylalanine 25.1 4.9 24.2 24.4 3.9 24.2 24.7 4.4 24.2 

Proline 86.1 26.2 82.6 64.6 16.2 61.7 73.8 23.5 70.65 
Pyruvate 18.0 6.3 17.6 18.8 5.9 18.1 18.4 6.0 17.85 

Serine 50.4 12.8 51.4 53.7 12.6 53.3 52.3 12.7 51.9 

Taurine 48.8 25.7 52.4 53.5 18.6 55.7 51.5 21.9 54.65 
Threonine 54.8 21.8 56.8 57.4 20.9 55.3 56.3 21.2 55.7 

Tyrosine 30.0 6.1 29.2 29.3 5.6 29 29.6 5.8 29.1 
Urea 273.3 225.1 273.6 229.5 186.1 260.3 248.2 203.5 262.05 
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Valine 103.6 14.7 104.1 86.7 13.1 84.7 93.9 16.0 93.2 

 

Supplementary Table 2 (Chapter 4). All serum metabolites detected with 1H 

NMR and qualitative profiling. Metabolites with mean and/or median values below 

5 µL were excluded in all analysis because their low signal/noise ratio, as indicated in 

italics. Mean, standard deviation (SD) and median concentration values (µL) for the 

normalized data are shown for all participants as well as for men and women 

separately. 
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 Body fat percentage BMI class MetS 

Lower 3-Hydroxybutyrate Creatinine Creatinine 
  Acetoacetate Serine Glutamine 
  Serine 3-Hydroxybutyrate Glycine 
  Glycine Acetoacetate Serine 
  Glutamine   Ornithine 
  Urea   Lactate 
      3-Hydroxybutyrate 
      Carnitine 

Higher Tyrosine Carnitine Creatine 
  Carnitine Tyrosine Myo-inositol 
  Pyruvate Phenylalanine Urea 
  Arginine Glucose Methyl succinate 
  Phenylalanine Proline   
  Methyl succinate Arginine   
  Glucose Pyruvate   
  Creatine     
  Proline     
  Isoleucine     
        
  Body fat percentage Waist circumference Waist:hip ratio 

Lower Serine Glycine Serine 
  Glycine Serine Glycine 
    Urea Urea 

Higher Pyruvate Pyruvate Pyruvate 
  Carnitine Carnitine Carnitine 
  Creatine Tyrosine Arginine 
  Arginine Arginine Tyrosine 
  Proline Methyl succinate Creatine 
  Tyrosine Creatine Proline 
  Phenylalanine Valine Isoleucine 
  Methyl succinate Isoleucine Valine 
        
  AEEDLW Moderate physical activity Vigorous physical activity 

Lower   Glycine Taurine 
      Methionine 

Higher Lactate Taurine Leucine 
  Serine Carnitine Glycine 
  Phenylalanine Pyruvate Creatinine 
  Glucose Lactate Isoleucine 
  Creatinine Phenylalanine Valine 
  Leucine Tyrosine Betaine 
  Carnitine 2-Hydroxybutyrate Serine 
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  Lysine Glycerol Lysine 
  Valine Histidine Acetate 
  Ornithine Threonine Arginine 
  2-Hydroxybutyrate     
  Histidine     

 

Supplementary Table 3 (Chapter 4). Metabolic profiles for men showing all 

analyzed variables with the most influential (VIP>1) metabolites listed. Negative  

(lower) and positive correlations (higher) between metabolites and each variable are 

indicated. No multivariate models could be created for hip circumference, AEE/kg or 

PAL.  
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  BMI value BMI class MetS Body fat percentage 

Lower Serine Serine Serine Glycerol 
  Methyl succinate Glycine Myo-inositol Serine 
  Myo-inositol Methyl succinate Creatinine Myo-inositol 
  3-Hydroxybutyrate Creatinine Arginine Creatinine 
  2-Hydroxybutyrate Citrate Betaine 3-Hydroxybutyrate 
  Citrate 2-Aminobutyrate Acetoacetate Citrate 
    2-Hydroxybutyrate     
    3-Hydroxybutyrate     

Higher Pyruvate Glucose Histidine Lysine 
  Alanine Carnitine Lysine Glycine 
  Glucose Ornithine   Carnitine 
  Ornithine Pyruvate   Creatine 
  Creatine Alanine     
  Carnitine       
          

  Hip 
circumference 

Waist 
circumference Waist:hip ratio   

Lower Serine Serine Serine   
  Myo-inositol Myo-inositol Creatinine   
  3-Hydroxybutyrate 3-Hydroxybutyrate Myo-inositol   
    2-Hydroxybutyrate Methyl succinate   
    Methyl succinate Phenylalanine   
      2-Hydroxybutyrate   
      Glutamine   
      Citrate   
      2-Aminobutyrate   
      Leucine   

Higher Lysine Glucose Urea   
  Creatine Pyruvate     
  Histidine Carnitine     
  Phenylalanine Alanine     
  Pyruvate       
  Carnitine       
  Glucose       
  Valine       
  Lactate       
  Glutamine       
  Alanine       

  AEE 
 
Vigorous physical activity 
  

  

Lower Ornithine Urea     
    3-Hydroxybutyrate     
    Acetoacetate     

Higher Methyl succinate Glutamine     
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  Lysine Creatine     
  Histidine Phenylalanine     
  Creatinine Carntine     
  Carnitine Lactate     
  Acetoacetate Threonine     
  2-Aminobutyrate Glucose     
    Myo-inositol     
    Ornithine     
    Alanine     

 

Supplementary Table 4 (Chapter 4). Metabolic profiles for women showing all 

analyzed variables with the most influential (VIP>1) metabolites listed. Negative  

(lower) and positive correlations (higher) between metabolites and each variable are 

indicated. No multivariate models could be created for moderate physical activity, 

AEE/kg or PAL.   
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A.  AEEDLW AEE/kgDLW 

Variable 
High Low High Low 

Average 
(SD) 

Average 
(SD) 

Average 
(SD) 

Average 
(SD) 

MetS risk factors 1.0 (0.0)** 1.6 (0.8)     
BMI     23.1 (1.4)** 25.8 (3.0) 
Body fat percentage     29.4 (4.2)** 36.2 (5.2) 
Waist circumference     82.9 (4.9)** 90.1 (6.4) 
Hip circumference     99.9 (3.4)** 105.9 (6.5) 
          
  PALDLW     

Variable 
High Low     

Average 
(SD) 

Average 
(SD)     

MetS risk factors 1.1 (0.26)* 1.6 (0.85)     
BMI 23.4 (1.6)** 25.9 (3.2)     
Body fat percentage 30.3 (4.5)** 36.4 (5.5)     
Waist circumference         
Hip circumference 100.8 (3.9)* 105.8 (6.7)     
          
B.  Moderate physical activity Vigorous physical activity 

Variable 
High Low High Low 

Average 
(SD) 

Average 
(SD) 

Average 
(SD) 

Average 
(SD) 

BMI     20.5 (2.0)** 22.8 (1.6) 
Body fat percentage     22.5 (5.6)* 27.9 (2.6) 
Hip circumference 97.7 (3.8)** 91.3 (5.0) 91.4 (5.4)* 97.6 (3.4) 

 

Supplementary Table 5. Body measures and MetS that were different between 

high and low groups of AEEDLW, AEE/kgDLW, PALDLW as well as moderate and 

vigorous physical activity in women. Statistical significance is indicated for the 

respective high compared to the low groups, *p<0.05, **p<0.01.  
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1H NMR GC-MS Combined dataset 

Time point R2 / Q2 N R2 / Q2 N R2 / Q2 N 
T1 0.70 / 0.57 18 (2) 0.98 / 0.71 19 (2) 0.80 / 0.58 17 (1) 

T2 0.66 / 0.52 12 (3) 0.76 / 0.60 10 (0) 0.99 / 0.68 11 (0) 

T3 N/A 8 (2) 1.0 / 0.70 8 (0) 1.0 / 0.78 7 (0) 

T4 0.62 / 0.43 11 (2) 0.83 / 0.45 11 (1) 0.56 / 0.37 10 (0) 

T5 0.96 / 0.71 9 (2) 0.59 / 0.25 9 (1) 1.0 / 0.56 9 (0) 

 

Supplementary Table 6 (Chapter 5). Multivariate statistical model parameters 

for nonsurvivors compared to matched survivors at all time points for 1H NMR, 

GC-MS as well as the combined dataset. The number of participants (N) for each 

model is indicated with the number of outliers in brackets. No model could be created 

for 1H NMR at T3, indicated by N/A. R2 and Q2 refer to the explained variance and 

the predictive ability of each model, respectively.  
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Multivariate model tested Q2 interecept 
1H NMR 

 T1 -0.54 
T2 -0.46 
T4 -0.54 
T5 -1.07 

  GC-MS 
 T1 -0.53 

T2 -0.37 
T3 -0.37 
T4 -0.25 
T5 -0.23 

  The combined dataset 
 T1 -0.26 

T2 -0.08 
T3 0.50 
T4 -0.26 
T5 -0.07 

 

Supplementary Table 7 (Chapter 5). Results of the permutations tests performed 

on all multivariate VIP models, presented as Q2 intercepts.  Negative values 

indicate statistical validity and robustness of the model. The greater the negative 

value, the stronger is the mdoels performance.   
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A.  
    T1 T2 T3 T4 T5 

Lower in nonsurvivors 
Arginine Alanine N/A Alanine Alanine 
Creatine Creatine 

 
Creatine Glutamine 

 
Glucose 

 
Glucose Lactate 

 
Glutamine 

 
Isoleucine Serine 

 
Isoleucine 

 
Lactate Tyrosine 

 
Methionine 

 
Leucine 

 
 

Leucine 
 

Ornithine 
 

 
Ornithine 

 
Tyrosine 

 
 

Phenylalanine 
   

 
Tyrosine 

   
 

Valine 
    

Higher in nonsurvivors   
   2-Hydroxybutyrate Glycerol   3-Hydroxybutyrate Glucose 

3-Hydroxybutyrate Ethanol 
 

Ethanol Methionine 

    
Glycerol 

    
Glycine 

 
B.  

    T1 T2 T3 T4 T5 
Lower in nonsurvivors 
Allose BP Arginine [-NH3]  Erythronic acid  Allose BP Allose BP 
Aspartate  Aspartate Ethanolamine  Arginine [-NH3]  Erythronic acid  
2-Aminobutyrate  2-Aminobutyrate Fructose BP Aspartate RT=19.1, ions=156, 217, 343, 
Citrate  Galactonic acid  Fumarate  Citrate  415, 446 
Fructose BP Galactose BP Galactose BP Erythronic acid  Serine 
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Fumarate  Lactate Glucopyranose [-H20]  Ethanolamine  
 Galactonic acid  RT=7.0, ions=133, 147,  RT=19.1, ions=156, 217,  Glucopyranose [-H20]  
 Glutamine 160, 220, 235ma 443, 415, 446 2-Oxo-isocaproic acid BP 
 2-Oxo-isocaproic acid BP RT=10.8, ions=131, 207, 2-Oxo-isocaproic acid BP Methionine  
 RT=7.0, ions=133, 147,  221, 262, 350 

 
RT=29.0, ions=605 

 160, 220, 235 RT=13.5, ions=295 
 

RT=28.9, ions=605 
 RT=10.8, ions=131, 207, Serine  

 
RT=12.4, ions=142, 204,  

 221, 262, 350 Urea 
 

216, 243, 348 
 RT=13.5, ions=295 Valine   Tyrosine   

RT=29.0, ions=605   Urea  
Ornithine 
 
Higher in nonsurvivors     
3-Hydroxybutyrate  Altrose MP Butanoic acid, 2-amino-  Fumarate  Altrose MP 
Glucuronic acid MP Gluconic acid-1,4-lactone Gluconic acid-1,4-lactone RT=8.6, ions=163, 211,  Fumarate  
RT=8.6, ions=163, 211,  Glutamine [-H2O] MP Glucose MP 226, 256 Gluconic acid-1,4-lactone  
226, 256 Methionine  RT=8.6, ions=163, 211,  RT=6.4, ions=143 Glucuronic acid MP 
RT=15.7, ions=143, 190, 

 
226, 256 Linoleic acid Glutamine [-H2O] MP 

292, 319, 332 
 

RT=16.2, ions=305, 333, Oleic acid Glycine  
RT=16.2, ions=305, 333, 

 
393, 408, 449 Phosphoric acid RT=15.7, ions=143, 190,   

393, 408, 449 
 

RT=6.4, ions=143 Serine 292, 319, 332 
Linoleic acid  RT=21.8, ions=369    RT=16.2, ions=305, 333,  
Oleic acid   Serine    393, 408, 449 
Phosphoric acid      Linoleic acid 
Methionine 

   
Oleic acid 

    
Serine 
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Supplementary Table 8 (Chapter 5). VIP>1 metabolites for nonsurvivors compared to matched survivors for A. 1H NMR and B. 

GC-MS. No model could be created for T3 with the 1H NMR data. Unknown metabolites are presented with the measured retention time 

(RT) and identifying ions. Abbreviation is as follows: MP, monophosphate. 
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Metabolite 
(VIP>1) 

OC 
 

Age 
 

Ever  
pregnant 

Menstrual  
status 

Current use of 
contraceptives 

1H NMR 
	   	   	   	   	  Cystine* é 

	   	   	   	  Formate é   
	   	   	  Glucose é   
	   	   	  Glutamate é   
	   	   	  Glutamine é ê 
	   	   	  Glycerol é 

	   	   	   	  Isoleucine é 
	   	   	   	  Serine é ê 

	   	   	  2-Aminobutyrate ê 
	   	   	   	  2-Hydroxybutyrate ê 
	   	   	   	  3-Hydroxybutyrate ê é 

	   	   	  Creatine ê 
	   	   	   	  Lactate ê 
	   	   	   	  GC-MS 

	   	   	   	   	  Ethanolamine (3TMS) é 
	  

é 
	   	  RT= 14.3, ions= 103, 157, 189 é 

	   	   	   	  RT= 18.4, ion= 241 é 
	   	  

ê 
	  RT= 20.3, ions= 202, 473, 488* é 

	   	  
ê 

	  RT= 20.7, ions= 191, 204, 217 é 
	   	   	   	  RT= 22.9, ion= 129 é 
	   	   	   	  RT= 22.9, ion= 559 é é é é 

	  RT= 23.1, ion= 279 é é 
	  

é 
	  RT= 23.3, ion= 177 é 

	   	   	   	  RT= 23.9, ion= 133 é 
	   	  

ê 
	  RT= 9.9, ion= 217 é 

	   	  
é 

	  Asparagine (4TMS) BP2 ê 
	   	   	   	  Heptadecane, n- ê 
	   	  

é 
	  Hexopyranose-like ê 

	  
ê ê 

	  Lactose, alpha- MP ê é é 
	   	  No direct match: Heptadecane, n- ê é é ê 

	  No direct match: Tagatose BP ê é ê 
	   	  Tagatose (BP) ê é 

	  
é 

	  Tetradecanoic acid  ê 
	   	   	   	  RT= 10.7 ion= 85 ê 
	   	  

é 
	  RT= 12.8, ion= 71 ê é 

	   	   	  RT= 14.0, ions= 117, 217, 230 ê 
	   	   	   	  RT= 18.6, ion= 369 ê 
	  

é 
	   	  RT= 19.2, ion= 127 ê 

	   	   	   	  RT= 19.2, ion= 155 ê 
	   	  

é 
	  RT= 19.5, ion= 384 ê 

	  
ê 

	   	  RT= 19.5, ion= 384 ê 
	  

ê 
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RT= 19.6, ion= 459 ê é 
	   	   	  RT= 20.7, ion= 399 ê 

	   	   	   	  RT= 23.0, ion= 218 ê 
	  

é 
	   	  RT= 23.1, ion= 177 ê 

	   	   	   	  RT= 24.2, ion= 442 ê é 
	   	   	  RT= 24.2, ion= 550 ê 

	  
é 

	   	  RT= 24.4, ion= 550 ê 
	  

é 
	   	  RT= 25.1, ion= 600 ê 

	   	   	   	  RT= 25.5, ion= 647 ê 
	   	   	   	  RT= 25.5, ion= 647 ê 
	   	   	   	  RT= 6.2, ion= 91 ê 
	   	  

ê 
	  RT= 6.6, ion= 235 ê 

	   	   	   	  RT= 8.1, ion= 207 ê 
	   	   	   	  RT= 8.3, ion= 127 ê 
	   	  

ê 
	  RT= 9.2, ion= 163 ê 

	   	   	   	  RT=7.6, ion= 369 ê é 
	   	   	  FIA-MS/MS 

	   	   	   	   	  Lysophosphatidylcholine acyl C20:3* é é 
	   	  

ê 

Phosphatidylcholine diacyl C42:6* é 
	   	   	   	  Lysophosphatidylcholine acyl C18:1 é 
	   	   	  

ê 

Butenyl-L-carnitine ê 
	   	   	   	  DL-Carnitine ê   

	   	  
  

Histidine ê ê 
	   	   	  Hydroxysphingomyeline C22:1 ê 

	   	   	   	  Hydroxysphingomyeline C22:2 ê 
	   	   	   	  Lysophosphatidylcholine acyl C26:0 ê 
	   	   	   	  Lysophosphatidylcholine acyl C28:0 ê 
	   	   	   	  Malonyl-L-carnitine ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C30:0* ê 
	   	   	  

ê 

Phosphatidylcholine acyl-alkyl C30:1 ê 
	   	   	  

é 

Phosphatidylcholine acyl-alkyl C30:2* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C32:1* ê é 

	   	  
  

Phosphatidylcholine acyl-alkyl C32:2* ê é 
	   	  

  
Phosphatidylcholine acyl-alkyl C34:2* ê 

	   	   	   	  Phosphatidylcholine acyl-alkyl C34:3* ê é 
	   	   	  Phosphatidylcholine acyl-alkyl C36:2* ê é 
	   	  

ê 

Phosphatidylcholine acyl-alkyl C36:3* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C36:4 ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C36:5 ê é 

	   	   	  Phosphatidylcholine acyl-alkyl C38:1 ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C38:2* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C38:4* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C38:5 ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C38:6 ê é 

	   	  
é 

Phosphatidylcholine acyl-alkyl C40:2 ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C40:3* ê 
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Phosphatidylcholine acyl-alkyl C40:4* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C40:5* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C40:6* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C42:3* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C42:4* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C42:5* ê ê 

	   	   	  Phosphatidylcholine acyl-alkyl C44:3 ê 
	   	   	  

ê 

Phosphatidylcholine acyl-alkyl C44:4 ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C44:5* ê 
	   	   	   	  Phosphatidylcholine acyl-alkyl C44:6* ê 
	   	   	   	  Phosphatidylcholine diacyl C32:2 ê 
	   	   	   	  Phosphatidylcholine diacyl C32:3* ê 
	   	   	   	  Phosphatidylcholine diacyl C34:2* ê 
	   	   	   	  Phosphatidylcholine diacyl C34:3 ê 
	   	   	   	  Phosphatidylcholine diacyl C38:0 ê 
	   	   	   	  Phosphatidylcholine diacyl C42:0* ê 
	   	   	  

é 

Phosphatidylcholine diacyl C42:1* ê 
	   	   	  

é 

Tiglyl-L-carnitine* ê é 
	   	   	  Tryptophan ê ê 
	   	  

é 

 

Supplementary Table 9 (Chapter 6). List of all VIP>1 metabolites that were 

higher or lower in OC patients when compared to matched healthy controls and 

their respective association (VIP>1) with measured risk factors for 1H NMR, 

GC-MS and FIA-MS/MS, respectively. Only risk factors that produced multivariate 

statistical models could be evaluated for each dataset. Arrows indicate that 

metabolites were higher (é) and lower (ê), respectively with OC, higher age, if ever 

pregnant (yes), in menopausal and postmenopausal women (compared with pre-

menopausal and possibly menopausal women) and current use of contraceptives. 

Statistical significance for univariate analysis (p< 0.05) is indicated (*). 
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Fatty acids OC patients (µM) Matched healthy controls (µM) t-test 
Caproic acid 110.6 135.9 0.56 
Caprylic acid 102.1 102.5 0.99 
Capric acid 1739.2 2059.6 0.55 
Undecanoic acid 564.1 572.1 0.95 
Lauric acid 16.2 9.7 0.38 
Tridecanoic acid 102.2 88.7 0.40 
Myristic acid 3.4 2.9 0.54 
Myristoleic acid 14.0 7.1 0.058 
Pentadecanoic acid 1.6 1.2 0.38 
Cis-10-pentadecenoic acid 1.1 1.9 0.15 
Palmitic acid 488.5 368.6 0.23 
Palmitoleic acid 4.2 2.3 0.078 
Heptadecanoic acid 4.3 2.9 0.11 
Cis-10-heptadecenoic acid 8.6 8.9 0.89 
Stearic acid 1893.5 1667.2 0.52 
Elaidic acid 8.8 7.4 0.46 
Oleic acid me 178.3 124.7 0.12 
Linoleic acid 18.9 5.1 0.12 
Linolenic acid 18.7 18.0 0.86 
Arachidic acid 24.4 17.3 0.24 
Eicosenoic acid 2.0 1.8 0.73 
Cis 11,14 eicosadieoic acid  21.8 21.5 0.96 
Heneicosylic acid 7.2 8.0 0.60 
Cis 11,14,17 eicosatrienoic acid 6.8 7.3 0.73 
Behenic acid  8.3 7.2 0.46 
Erucic acid 3.0 2.2 0.30 
Cis 13,16 docosadienoic acid  23.5 20.3 0.42 
Tricosanoic acid 1217.8 1029.9 0.59 
Tetracosonic acid 4.3 3.5 0.34 
Nervonic acid 7.3 6.8 0.69 

 

Supplementary Table 10 (Chapter 6). List of all quantified fatty acids measured 

as FAME by GC-MS analysis and their respective concentrations and 

differences between OC patients and matched healthy controls (MHC). FAME 

concentrations were normalized to the internal standard for each sample.  
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APPENDIX B: CREATING AND APPLYING A FAME 
LIBRARY FOR GC-MS 

 

Introduction 
Lipids constitute a diverse set of molecules with important functions. For example, 

they are required to form membranes, they can participate in cell signaling and they 

can play a role in energy storage. An aberrant lipid metabolism, including 

associations with fatty acids, has been shown for many diseases including diabetes, 

metabolic syndrome and cancer [1-7]. Thus, alterations in metabolism can often 

manifest themselves as changes in the fatty acid profile in the blood of patients.  

 

Fatty acids can be detected and quantified using GC-MS, provided that they are made 

volatile, for example by methyl esterification and the subsequent creation of fatty acid 

methyl esters (FAME) [8,9]. However, assigning the correct fatty acid identity is not 

possible unless the elution order and the number of detectable FAME have been 

established for the chromatography column in use. Indeed, although FAME elute 

partly according to size, the retention time (RT) of an individual FAME is also 

dependent on the strength of its interaction with the stabile phase of the column, 

making the elution order not easily predictable. For this reason, pure individual 

standards were analyzed and their respective RT and identifying ions were noted, 

allowing for the construction of a FAME library. Once the library has been 

established it can be used to identify unknown fatty acids in biofluid samples as long 

as these are acquired under exactly the same conditions. Here, I also present how GC-

MS and the FAME library were used to identify two previously unknown 

ligands/contaminants that co-purified with the recombinant phospholipid-binding 

protein tear lipocalin. The presence of these contaminants disturbed the protein 
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structure and hence they interfered with the structure determination of the protein by 

NMR spectroscopy. The contaminant(s) were thought to be lipophilic based on 

previous knowledge of the lipid binding properties of this protein [10] and work by 

Tsukamoto et al., describing a similar protein expression protocol, where the tear 

lipocalin had been found to bind five different fatty acids [11]. Hence, the 

identification of the contaminating ligands was of interest to be able to proceed with 

the protein NMR work. 

 

Methods 
Pure FAME standards for fatty acids with even carbon numbers (Sigma-Aldrich, 

Oakville, Ontario, Canada) were prepared to 1 µg/µl in hexane and centrifuged (7 

min, 13,200 rpm, 4 °C). The concentration was chosen based on experience to avoid 

oversaturation of the column, contamination of subsequent samples (carry-over 

effect) and to optimize the number of peaks detected.  

 

Two replicates of the tear lipocalin sample underwent extraction and derivatization, 

based on the methods of Bligh and Dyer [12]. In brief, deproteination was performed 

using cold 2:1 chloroform:methanol, followed by vortexing and sonication (15 min) 

for homogenization. The lipid fraction was separated from the aqueous fraction using 

1:1 (v/v) chloroform:water and centrifugation (7 min, 13,300 rpm, 4 °C) and left to 

evaporate to dryness overnight in the fume hood. The two samples were next 

dissolved in 750 µl 1:1 choroform:methanol and sonicated (15 min) followed by 

incubation with BF3 in methanol (125 µl, 14%) in 80 °C for 90 min for methyl ester 

derivatization. Vials were left to cool for 10 min and the toxic gas was allowed to 

evaporate in the fume hood. Hexane was added to the samples, which were then 
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vortexed and let to form lipid and aqueous layers, allowing for the polar fraction to be 

removed by careful pipetting. After an overnight evaporation in the fume hood, 

samples were re-dissolved in hexane and analyzed together with the hexane blanks 

and one Supelco® 37 Component FAME MIX (Sigma-Aldrich, Oakville, Ontario, 

Canada) containing 37 FAME with both even and uneven carbons. 

 

The GC-MS analysis was performed as described in Chapters 5 and 6. In brief, the 

individual FAME standards, the Supelco® 37 Component FAME MIX and the 

lipocalin samples were analyzed on a GC-orthogonal acceleration-time of flight-MS 

(Waters GCT Premier, Waters Corp., Milford, United Stated of America) operating in 

the electron ionization mode and coupled to an Agilent chromatograph 7890A using 

the J&W DB-23 column (Agilent Technologies Canada Inc, Mississauga, Ontario, 

Canada), a normal-phase column designed for the separation of FAME, including 

isomers. The RT (min) and the unique identifying ions were determined using Met-

idea (http:// bioinfo. noble. org) after having converted the raw files into cdf files 

using the MassLynx software Databridge (Waters GCT Premier, Waters, United 

Stated of America).  

 

Results 
All analyzed FAME generated clear chromatograms and spectra from which the RT 

and unique identifying ions could be identified for the majority of the FAME. The 

results from individual standards were compared to the data from the analyzed 

Supelco® 37 Component FAME MIX, creating an elution order that included the 

FAME with an uneven number of carbons and verifying the suggested identifying 

ions for the FAME with an even number of carbons (Table 1).  
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Order Fatty acid analyzed as a pure FAME standard RT (min) Ion suggestion (m/z) 

1 (Butyric acid)* N/A N/A 

2 Caproic acid 6.2 99 

3 Caprylic acid 7.5 127 

4 Capric acid 8.5 155 

5 Undecanoic acid (C11:0) 9.0 169 

6 Lauric acid 9.6 183 

7 Tridecanoic acid (C13:0)** 10.1 197 

8 Myristic acid 10.7 211 

9 Myristoleic acid 10.9 209 

10 Pentadecanoic acid (C15:0) 11.4 225 

11 Cis-10-pentadecenoic acid (C15:1) 11.7 223 

12 Palmitic acid 12.1 239 

13 Palmitoleic acid 12.4 237 

14 Heptadecanoic acid (C17:0) 13.0 253 

15 Cis-10-heptadecenoic acid (C17:1) 13.3 257 

16 Stearic acid 13.9 267 

17 Trans-9-elaidic acid 14.1 N/A 

18 Cis-9-oleic acid  14.2 264/265 

19 Linolelaidic acid  14.5 294 

20 Linoleic acid 14.8 262 

21 Gamma linolenic acid 15.2 N/A 

22 Linolenic acid 15.6 261 

23 Arachidonic acid 16.1 326 

24 Eicosenoic acid 16.5 292/293 

25 Cis-11,14-eicosadieoic acid  17.1 290/291/322 

26 Heneicosanoic acid (C21:0) 17.3 340 

27 Cis-8,11,14-eicosatrienoic acid  17.5 N/A 

28 Cis-5,8,11,14-eicosatetraenoic acid 17.8 N/A 

29 Cis-11,14,17-eicosatrienoic acid 18.0 289 
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30 Behenic acid  18.4 311 

31 Cis-5,8,11,14,17-eicosapentaenoic acid*** 18.7 N/A 

32 Erucic acid 18.9 320/321 

33 Cis-13,16-docosadienoic acid 19.6 318 

34 Cis-4,7,10,13,16,19-docosahexaenoic acid 19.7 368 

35 Tetracosonic acid 21.0 382 

36 Nervonic acid 21.4 380 

37 Triconsanoic acid (C23:0) 21.6 N/A 

 

Table 1. Fatty acids present in the Supelco® 37 Component FAME MIX as 

methyl esters and their respective RT and suggested identifying ions. Fatty acids 

with uneven carbons are indicated (in italics and with carbon number), as individual 

standards for these FAME were not analyzed, resulting in their unverified identity. ** 

The exception is tridecanoic acid, which is used in its deuterated version as an internal 

standard in the Vogel laboratory. N/A refers to when no peak (RT) was detected 

and/or when no unique and high abundance identifying ion could be identified. * 

Eluded prior to detection. ***Pure standard was provided in heptane. 

 

Two peaks were clearly visible in the chromatogram of the purified recombinant 

lipocalin protein samples (Figure 1). The first peak eluting at 12.1 min had a unique 

and high abundance identifying ion of 239 m/z, whereas the second peak was 

characterized by a RT of 13.9 min and an identifying ion of 267 m/z. These results 

showed very high resemblance with the pure standards of palmitic acid and stearic 

acid, respectively (Table 1). 
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Figure 1. The total ion chromatogram (top) and the ion spectrum (bottom) of a 

representative sample containing the tear lipocalin contaminants/ligands. The 

two peaks could be identified as palmitic acid (12.1 min) and stearic acid (13.9 min) 

using the constructed FAME library. 

 

Discussion 
Analyzing the pure individual standards allowed for the identification of FAME in 

biological samples, which could be used both retrospectively and for future studies. 

Indeed, the library was used for the research presented in this thesis as well as by 

colleagues [13]. In addition, it resulted in the identification of the lipids in the tear 

lipocalin sample. Palmitic acid had previously been identified as a ligand for lipocalin 

[11], whereas the binding of stearic acid was novel information, thus contributing to a 

more comprehensive understanding of tear lipocalin ligands. Of note, adding butanol 

to the tear lipocalin sample, as suggested by Velkov et al. [14] resulted in the 

complete removal of the fatty acids and the subsequent NMR spectra were well 
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resolved and could be used to determine the solution structure of the protein (work by 

Dr. Zhihong Liu). 
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