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GC-MS based metabolomics-  

Development of a next generation GC-MS method and its application to nutrition and biomarker 

research  

OTTO SAVOLAINEN 

Department of Biology and Biological Engineering 

Chalmers University of Technology, Gothenburg, Sweden 

ABSTRACT 
Metabolomics, the measurement of a broad range of small molecules in a sample, is maturing as 

a field in analytical chemistry and becoming a standard research tool in biological sciences for 

helping to generate a wider understanding of the complex biological mechanisms behind, for 

example, development of disease and effects of diet on health. Metabolomics analysis is generally 

divided into either targeted or untargeted metabolomics. The former ‘targets’ a specific set of 

molecules, often quantitatively, while the latter aims to detect as many metabolites as possible in 

the sample. Both of these approaches have their advantages and disadvantages, and combining 

both into one single analytical method could allow the specificity, sensitivity, and quantitation of 

targeted metabolomics to be combined with the broad coverage and potential to find unknown 

compounds that are the key advantages of untargeted metabolomics. 

 

In this thesis, a novel gas chromatography triple quadrupole metabolomics (GC-MS) method that 

exploits fast data acquisition to simultaneously acquire both targeted quantitative data using 

multiple reaction and selected ion monitoring, and untargeted qualitative data using full spectrum 

scanning. The method was developed for human blood plasma and applied to two studies. The 

first was a crossover intervention study comparing metabolic effects of consumption of herring 

with chicken and pork in 15 adults. The second was a prospective cohort of 600 older Swedish 

women for discovering predictive biomarkers of development of type 2 diabetes (T2D) and for 

exploration of the associations between potential dietary and nutrient biomarkers and glucose 

tolerance status and development of T2D in the same cohort.  

 

The evaluated method parameters (linearity, limit of detection and quantification, precision, 

accuracy, number of spectral features) supports the approach of combining targeted quantitative 

and untargeted qualitative data acquisition as a way to improve GC-MS metabolomics. The 

method was successfully applied to the analysis of 1200 samples from 600 subjects, measured 
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over 24 separate analytical batches with an average within batch metabolite variation of 10 %, 

based on control sample metabolites detected using multiple reaction monitoring. 

 

In the intervention study, the new metabolomics method detected 190 identified metabolites, of 

which 18 were altered when subjects ate herring instead of chicken and pork. These changes were 

mainly around the tricarboxylic acid and urea cycles, with an apparent differential effect related 

to arginine metabolism. This finding was supported by finding that circulating nitric oxide was 

higher in male subjects after the herring diet compared to the chicken and pork diets. In the cohort 

study, we established that the best predictive markers of T2D detected using metabolomics 

improved on or had similar prediction to established predictors of T2D. Using a combination of 

both the targeted and untargeted data, we were also able to detect 10 dietary and nutrient 

biomarkers, many of which were strongly associated with glucose tolerance status and 

development of T2D in this cohort. This is one of the first studies using multiple dietary and 

nutrient biomarkers that suggests a clear role of diet in prevention of T2D. This supports the 

current dietary guidelines for eating whole grains and fish for preventing T2D.  

 

In conclusion, the metabolomics method developed as part of this thesis detects a wide array of 

known biomarkers in blood plasma while still providing global untargeted information and having 

the possibility of expansion by addition of targeted molecules of interest. The method proved to 

be robust during the analysis of a moderately sized sample set, supporting its further use in 

observational cohorts. Results from the application of this metabolomics method further support 

the potential of metabolomics to add value to biological research by highlighting diverse outcome-

metabolite relationships that may otherwise be overlooked. 
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INTRODUCTION 
 

Biological systems such as cells, tissues and organisms are composed of an interactive network of 

genes, proteins and metabolites. Understanding how different parts of the networks interact and 

function is a fundamental aspect of biological sciences and an increasingly important component 

of understanding disease risk and the effects of lifestyle factors such as diet on human health.  

This ‘systems’ approach to biology requires techniques and methods that allow the measurement 

of many parameters simultaneously, including genomics, transcriptomics, proteomics and 

metabolomics, which together can provide broad, yet detailed information on biological 

mechanisms and function. 

Metabolomics, the measurement of a wide range of small molecules in a sample is rapidly 

maturing to the point where it can be readily applied in many studies in a routine manner. The 

hundreds or thousands of molecules measured by metabolomics offer a possibility to get an 

overview of the metabolic composition and status of a sample making it a valuable tool for a wide 

range of fields in the biological sciences. Metabolomics has commonly been used to discover 

mechanisms behind biological phenomena, and is now frequently being applied to other areas 

including discovery of biomarkers.  

Biomarkers, indicators of biological phenomena such as disease, infection or environmental 

exposure, are closely linked to metabolomics due to the possibility to discover potential 

biomarkers and measure many known biomarkers. For nutrition research metabolomics is a new 

tool for discovering dietary biomarkers that can potentially reflect dietary intake and for finding 

associations between diet and diet-related diseases such as type 2 diabetes (T2D). To date 

methods for measuring dietary biomarkers have generally focused on the analysis of a single or a 

class of dietary biomarkers. The use of metabolomics, however, offers the possibility to measure 

multiple compound classes simultaneously enabling multiple potential dietary biomarkers to be 

analysed at the same time. Although the number of multi-biomarker methods based on 

metabolomics approaches is increasing, this concept is yet to be applied to dietary biomarkers. 

Another application of metabolomics in nutrition research is to understand how food, a highly 

complex mixture of thousands of different compounds, interacts with our body and its own 

‘metabolome’, and how different food sources can influence our overall metabolism.  Over the 

past decade metabolomics applied to nutrition has been used to probe the effects of dietary 

patterns on metabolic health, yet there are still many basic nutritional questions that are yet to 

be investigated using metabolomics.   

In the field of T2D research, there is a need for tools that can accurately predict people at early-

stage risk for the disease. Metabolomics has been applied to many studies related to T2D, leading 

to the discovery of an association between development of T2D and branched chain amino acids. 

This has led to potential new risk markers for T2D, as well as better mechanistic understanding of 

the disease. Further research on T2D using metabolomics is still needed as reliable markers for 

detecting all people that will develop T2D do not yet exist. Investigating a wide variety of subject 
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groups using different kinds of metabolomics methods is one way towards reliable risk predictors 

of T2D. 

As with all fields of science, there is always a cycle of continuous improvement as new 

technologies become available.  Metabolomics is no exception and rapid advancements in the 

sensitivity and robustness of mass spectrometers enables new approaches to metabolomics that 

can improve on the number and type of metabolites that can be reliably detected. Recent 

advances in quadrupole mass spectrometers have opened new possibilities to metabolomics data 

acquisition and research outlined in this thesis takes advantage of a latest generation 

instrumentation and discusses the development of a novel metabolomics method for human 

blood plasma and its application to finding metabolic effects of replacing dietary chicken and pork 

with herring, to prediction of T2D development and lastly to exploring the associations between 

potential dietary and nutrient biomarkers and T2D. 
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OBJECTIVES 

 

The overall aim of this thesis was to develop a new method utilizing fast scanning gas 

chromatography coupled to tandem mass spectrometry (GC-MS/MS) instrumentation for 

simultaneous targeted quantitative and untargeted qualitative metabolomics. The aim was 

further to apply this method to finding metabolic effects of fish and meat in an intervention study, 

and to the prediction of future development of type 2 diabetes based on both a broad range of 

metabolites and potential dietary and nutrient biomarkers as well as to explore the associations 

between glucose tolerance status and the potential dietary and nutrient biomarkers. 

 

The specific objectives of the research of this thesis are: 

o To develop a robust high-throughput simultaneous targeted quantitative and untargeted 

qualitative GC-MS/MS metabolomics method for human blood plasma 

 

o To apply the GC-MS/MS metabolomics method to finding the metabolic effects of 

replacing chicken and pork with herring in obese and overweight men and women in a 

crossover intervention trial.  

 
 

o To apply the GC-MS/MS metabolomics method for finding biomarkers that can predict 

future development of type 2 diabetes in a cohort of older Swedish women and to 

evaluate if such biomarkers can improve on prediction based on already established 

predictors of T2D 

 
 

o To search the generated GC-MS/MS metabolomics data for potential dietary and nutrient 

biomarkers and to test if these were associated with and could predict glucose tolerance 

status and development of T2D in a cohort of older Swedish women.  
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LITERATURE OVERVIEW 

Metabolomics 

Metabolomics is a field of applied analytical chemistry that aims to measure a wide range of 

metabolites using sensitive instrumentation combined with chemometric and statistical tools. The 

use of metabolomics has been growing rapidly during the 21st century with almost no publications 

on metabolomics in 2000, to over 3300 in 2016 (Figure 1). Metabolomics provides complementary 

information to the other ´omics´ technologies (e.g. genomics, transcriptomics and proteomics) 

and together can contribute to the understanding of biology of an organism. As the name 

suggests, metabolomics focuses on analysing the metabolome of an organism or sample. The term 

metabolome was first introduced in 1998 (1,2) and refers to the set of small molecules, 

metabolites, generally defined as <1500 Da found in a sample, where the sample can be anything 

from a cell organelle to a complete organism. Currently, there is no single analytical method that 

can analyse the whole metabolome of an organism or even a subset such as the serum 

metabolome, estimated to contain approximately 4200 metabolites (3). Nuclear magnetic 

resonance spectroscopy (NMR) and mass spectrometry (MS) instruments are the two major 

instrumentation types used in metabolomics (2) and allow coverage of a wide proportion of 

metabolome.  

 

Figure 1. Number of publications listed in the Pubmed database found by using search term 

“metabolomics” or “metabonomics” 

There are many aspects to metabolomics, from study design through to data analysis. The goal of 

this literature overview is to not give a comprehensive review of all aspects of metabolomics, and 

instruments which are not covered by the methods used in this thesis (e.g. NMR and LC-MS), as 

well as standardised protocols that have not been developed as part of this work (e.g. plasma 
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extraction) are not discussed in detail. In addition we have focused on applied examples for diet 

and type 2 diabetes as these are related to the work carried out in this thesis. 

Mass spectrometry  

Mass spectrometry (MS) based methods for measuring the metabolome have gained popularity 

due to their selectivity and sensitivity (2). The development of MS instruments during the 21st 

century has improved their usability and robustness for both assays requiring extreme sensitivity 

and for assays demanding detection of a wide range of different biomolecules at various 

concentrations in different biological matrices (1,4). Also, the relative cost of MS measurements 

has decreased making them more accessible to more laboratories. A review on principles of mass 

spectrometry is given in Paper III and this literature overview focuses on gas chromatography 

tandem mass spectrometry (GC-MS/MS) and its application to metabolomics. 

MS is both sensitive and partially selective (the ability to detect a specific molecule), and new 

developments in the field often focus on improving selectivity and sensitivity. In metabolomics 

this has practical implications on several aspects including how much sample is needed and what 

compounds can be reliably detected. Further selectivity can be achieved with the utility of multiple 

reaction monitoring (MRM) using collision induced dissociation (CID) where a precursor ion is first 

selected in one quadrupole, this ion is then fragmented in a collision cell followed by a selection 

of a specific fragment ion with a second quadrupole (Figure 2). This can also improve sensitivity 

by reducing noise generated by other molecules entering the MS simultaneously. Fragmentation 

also aids in molecule identification, as molecular fragmentation patterns are consistent from 

instrument to instrument under set conditions. For GC-MS, this allows the use of ‘mass spectral 

libraries’ which contain the fragmentation pattern of thousands of molecules, and can be used to 

help identify unknown molecules. 

 

Figure 2. A schematic illustration of scan and MRM data acquisition using a triple quadrupole mass 

spectrometer. In scan mode, ionised molecules within a pre-set scan range (e.g. m/z 50-700) pass 

through quadrupole 1 (Q1), collision cell (CID) and quadrupole 3 (Q3) and all ions within this range 

are detect. In MRM data acquisition, Q1 is adjusted so that only one molecule or mass (the 

‘precursor ion’) passes through to the CID. The precursor ion is fragmented in the CID, and only one 

of the mass fragment ions is selected to pass through Q3 to the detector.  
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In metabolomics MS is used for both targeted quantitative measurements as well as for 

untargeted profiling experiments (2) both utilizing different types of mass analysers. Some of the 

relative merits of each type of mass analyser are shown in Figure 3.  

 

Figure 3. Relative advantages of gas- and liquid chromatography as well as different types of mass 

analysers in metabolomics (Paper II) 

Gas chromatography-mass spectrometry 

Due to the complex nature of biological samples, some separation of the molecules in a sample is 

before they enter the MS is preferable. In general, there are two major separation techniques 

used in metabolomics: GC (5) and LC (6), although other techniques, such as capillary 

electrophoresis (7) are also used. The basic purpose of both liquid- and gas chromatography in 

metabolomics analyses is to separate molecules based on their physicochemical properties 

making detection of the molecules with MS easier by reducing the number of molecules entering 

the MS at the same time (8). Some of the relative merits of both gas- and liquid chromatography 

in metabolomics are outlined in Figure 3, though a comprehensive comparison of the different 

MS-based metabolomics methods is outside the scope of this literature overview. 

GC in connection with MS is a robust separation technique that has long been applied in 

metabolomics analyses. GC enables separation of molecules that are or can be made volatile by 

chemical derivatization and has been applied for measurement of different targeted sets of 

biomolecules, such as amino- and organic acids (9) and steroids (10) and also for measurement of 

untargeted metabolomics (11). Prior analysis by GC sample analytes need to be volatile or made 

volatile by adding a derivatization step into the sample preparation process (12). The need for 

derivatisation also stops larger non-volatile molecules from being analysed by GC. MS instruments 

used in GC based metabolomics most often include either single quadrupole (13), triple 

quadrupole (14), or unit mass time-of-flight instruments (15-18). More recently accurate mass 

instruments have also been used for GC-MS metabolomics (19,20).  
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The use of two-dimensional GC-MS (2D-GC-MS) in metabolomics increases the chromatographic 

resolution over the more traditional one dimensional (1D) approach and provides additional 

selectivity over the 1D approaches. In a 2D-GC-MS the samples are separated by a combination of 

two chromatographic columns connected to each other with a modulator enabling separation of 

the molecules, that could not be separated in the first dimension (first column), in the second 

dimension (second column), thus, allowing chromatographic separation of otherwise unresolved 

molecules (5,21). TOF or fast quadrupole MS detectors are preferred in connection with 2D-GC-

MS for detection of the typically narrow chromatographic peaks that are further focused in the 

modulator (22).  

Compared to LC-MS there have been limited method developments or instrumental advances in 

GC-MS metabolomics during recent years. Accurate mass GC-MS has only recently been used for 

metabolomics (23), while equivalent instruments for LC-MS have been used for metabolomics for 

over a decade. 2D-GC-MS has been the basis of excellent results (24-27), but its use has not 

become widespread. Also, the use atmospheric pressure chemical ionization (APCI) in GC-MS 

metabolomics has been studied (19,20) but its general use is still limited. The added selectivity 

and sensitivity of GC-MS/MS instruments have been used in targeted metabolomics (14,28,29), 

though <100 metabolites are detected with such methods. GC-MS and GC-TOFMS systems remain 

the mainstay of GC-MS metabolomics. However, the recent advances enabling a GC-MS 

instrument to scan at 20 000 Da/s enables not only the use of this type of quadrupole detector for 

2D-GC-MS (30), but in the context of GC-MS/MS, could allow simultaneous collection of targeted 

MRM and untargeted scanning data. This would allow collection of both targeted and untargeted 

metabolomics data in the same run, which could allow the best of both worlds of metabolomics. 

Targeted metabolomics 

Targeted metabolomics is an extension of standard way of measuring small molecules in a sample. 

Standard targeted methods are primarily used for the testing of a predefined hypothesis and, thus 

the basic requirement for the method in this case is that it needs to be able to measure a 

compound with adequate accuracy and precision. Targeted metabolomics can make use of the 

same analytical methods, but the analysis is done without any predefined hypothesis. Advances 

in analytical methods and instruments, and mass spectrometry in particular, has allowed the 

quantification of many different metabolites in the same run, blurring the line between targeted 

methods and metabolomics. Importantly targeted measures can be quantitative which makes it 

easier to compare results between studies, something which is currently not reliably done in 

untargeted metabolomics. Over the past decade commercially available targeted metabolomics 

method packages have entered the market enabling easier access to targeted metabolomics 

workflows and the solutions have been used successfully in biological research, including work 

aiming to discover markers of type 2 diabetes (31,32). 

Sample preparation may differ for targeted metabolomics, depending on the compound classes 

of interest, although methods that have wide coverage often use similar methods to those used 

in untargeted metabolomics, based on protein precipitation. MS instruments used in targeted 

metabolomics assays are most often triple quadrupole instruments with either gas- or liquid 
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chromatography hyphenation (2). The earlier mentioned advantages of triple quadrupole mass 

spectrometers in improvement of sensitivity and specificity of target compound detection comes 

at the expense of not detecting other molecules which may also be relevant for the research 

question. 

Untargeted metabolomics  

Untargeted metabolomics in comparison to targeted metabolomics aims to detect as many 

metabolites in the metabolome as possible (2). This makes the untargeted workflow especially 

useful for explorative studies aiming at finding potential biological processes, such as pathways, 

involved in the study question, but also requires considerably more time as potential compounds 

of interest need to be identified. MS instruments used for an untargeted metabolomics workflow 

most often include accurate mass instruments for hyphenation with LC (33-38) and quadrupole 

(13) or time-of-flight (15-18) for hyphenation with GC. A further compromise with MS-based 

untargeted metabolomics is the need to have general MS settings which should allow ionisation 

and detection of most molecules, but may be far from optimal for some. Targeted metabolomics 

methods allow for optimisation of MS settings to get the best possible sensitivity, which in turn 

can impact method variability parameters. 

The untargeted metabolomics workflow is ideal when used for generating biological hypothesis 

without any predefined knowledge and has for example been extensively used in studies aiming 

at finding associations between whole grain intake and health and metabolism (38-45) as well as 

in nutritional metabolomics in general (46). However, it is useful to remember that there is no 

such thing as a universal analytical method and each of the parameters chosen for measuring the 

metabolome introduces some level of bias into the results 

Data processing – making sense of metabolomics data 

Both univariate and multivariate statistics are commonly used for analysing metabolomics data. 

Univariate statistical tools have been designed for testing one or a few different variables, 

however metabolomics data characteristically has hundreds to thousands of variables, meaning 

that with a standard significance threshold of 5 %, many ´significant´ results may be obtained 

purely by chance. This gives rise to the problem of multiple testing, for which correction methods 

such as Bonferroni (47) and false discovery rate (FDR) (48) are often applied. However, these 

methods can also exclude relevant results which might not be desirable in an explorative study 

(49). 

A limitation of univariate statistics for metabolomics is that it does not account for how all the 

data from a sample behaves together and if there are any overall patterns in the data. Multivariate 

data analysis tools including tools such as principal component analysis (PCA) (50) and partial least 

square discriminant analysis (PLS-DA) (51) are ideal for metabolomics as they facilitate the analysis 

of large numbers of samples with large numbers of variables measured. PCA is commonly used to 

detect outlier samples and for quality control in metabolomics, while PLS-DA and orthogonal-PLS-

DA are used to detect differences due to group or outcome. In both PCA and PLS-DA models, 
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overfitting is a common problem and as with univariate statistics, it is important that the 

multivariate models are thoroughly evaluated (52,53). A combination of multivariate and 

univariate statistical methods can help overcome the limitations of each approach. 

In studies aiming at predicting or classifying an outcome such as type 2 diabetes, area under the 

receiver operator characteristics curve (AROC) is a commonly used method (54). AROC is a method 

for measuring discrimination of a binary variable and can be created by plotting the rate of true 

positives against the rate of false positives (Figure 4). The method with the highest AROC yields 

the best prediction and overall the closer to the upper left corner the curve reaches the better the 

prediction whereas a straight line diagonally across the plot gives a random prediction.  

 

Figure 4. An example of an area under the receiver operator characteristics curve (AROC) plot. The 

yellow line (method 2) represents better prediction than the black line (method 1). If a line follows 

the blue line, then the model has no predictive ability. 

Applying MS-based metabolomics to large studies 

The combination of large numbers of samples from studies with the large number of metabolites 

that can be detected with metabolomics is potentially a powerful combination for finding new 

associations and developing new hypotheses on lifestyle and health. MS-based metabolomics has 

been used in epidemiological settings for exploring relationships between metabolome and 

coronary heart disease (55), excess alcohol consumption (56) and dietary patterns (57,58). 

Although widespread application of MS-based metabolomics to epidemiology could lead to new 

breakthroughs, a number of factors need to be considered. 
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As with all analytical methods, precision, selectivity, sensitivity, linearity and stability among 

others are factors affecting the validity of the data and awareness of the effect of these in the 

data is needed as the analytical variation can make it hard to distinguish biological variation (59-

61). Thus, proper evaluation of the analytical method is needed, for which guidelines are available 

(62,63). For MS based methods one particular source of analytical error is the dirtiness of the ion 

source, ion optics and collision cell (64) leading to changes in ionization efficiency that can have 

an impact on within and between batch variation as well as on MS signal drift. Thus, normalization 

of this and other analytical variation is needed. Various methodologies for data normalization exist 

based on internal standards and quality control samples (60,65-67). In addition to analytical 

variation, pre-analytical variation contributes to the total variation and sample collection, storage 

and preparation are important factors affecting the end result and need to be taken into 

consideration in the study design (68). Implementation of standardized standard operating 

procedures for sampling and storing samples are needed for limiting the introduction of 

unnecessary bias into the results (60,68,69) and for enabling comparison between studies.  

Validation of analytical methods is a key aspect of ensuring robustness of a method and for 

comparing results from batch to batch and lab to lab. A review of the main method validation 

parameters recommended by the United States Food and Drug Administration is given in Paper 

III. Although these parameters are well defined for targeted methods, they are less easy to apply 

to a metabolomics study. There are several papers outlining standardisation approaches for 

metabolomics (16,70,71) which are needed for standardizing the analytical workflow for 

guaranteeing valid data. The first steps towards harmonization of reporting standards were made 

in 2007 (72), suggesting minimum reporting requirements for metabolomics. Complying with and 

improving on these guidelines should do much to increase the quality of metabolomics data. 

Metabolomics in food and nutrition research 

In nutrition research, the development of metabolomics has provided new tools for assessing 

relationships between diets and/or food molecules with diseases such as obesity (73) and type-2-

diabetes (74,75) beyond single nutrients or constituents. In addition, given the complex nature of 

the interaction between food and humans, the wide range of metabolites measured in 

metabolomics can better describe complex biological responses to diet than measurement of a 

few biomarkers.  

The food metabolome has been defined as “the sum of all metabolites directly derived from the 

digestion of foods, their absorption in the gut, and biotransformation by the host tissues and the 

microbiota” (76). The enormous complexity of biology dealt with in exposure studies such as 

dietary interventions is highlighted by the estimate that foods eaten by humans contain >25000 

different types of compounds (77) that interact with endogenous metabolites. Furthermore, food 

constituents not directly used in metabolism, such as polyphenols, undergo xenobiotic 

metabolism during which they are biotransformed by enzymes for easier excretion via urine, as 

well as microbial metabolism which both further add to the complexity of the food metabolome 

(78).  
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The utilisation of metabolomics both in research related to food science and nutritional 

epidemiology has been increasing rapidly as highlighted by a few examples that follow. Starting 

from raw food material, metabolomics has been applied for discovering new constituents of raw 

materials, and led to the discovery of novel glycoside forms of benzoxazinoids, a class of natural 

pesticides, in the edible parts of wheat and rye (79). Since then, benzoxazinoid glycosides have 

been found to undergo microbial degradation during fermentation and bread baking highlighting 

the importance of food processing for preservation or degradation of these molecules in foods 

(37,80). Later, their absorption and metabolism in humans was confirmed, largely based on 

metabolomics studies (81-85).  

Global effects of replacing meat with fish on metabolism 

Although many dietary guidelines recommend reducing meat intake and increasing fish intake for 

better health, few studies have examined the effects of replacing meat with fish on the 

metabolome in humans. Some population-based studies have examined the global metabolic 

fingerprint of people who eat meat versus vegetarian or vegan diets (57,86-88), though these are 

confounded by a large number of lifestyle factors that limit direct conclusions about the role of 

meat on metabolic health. Many studies have used metabolomics to look for biomarkers of meat 

or fish intake (89,90). Only two human intervention trials comparing meat with fish and using 

metabolomics were found in the literature. One study has compared the intake of lean seafood 

(white fish and scallops) with a mixed meat diet (chicken, lean beef, turkey and pork) in a four 

week intervention with a crossover design on the urinary metabolome measured using NMR and 

LC-MS (91). The study found that energy metabolism was likely impacted based on reduced 

urinary excretion of carnitine, 2,6-dimethylheptanoylcarnitine, and N-methyl-2-pyridone-5-

carboxamide, which the authors related to mitochondrial lipid and energy metabolism. The 

authors also found an increase in trimethylamine-N-oxide after the lean seafood diet, and 3-

methylhistidine and guanidineoacetate after the meat diet, linked to the intake of the diets 

themselves rather than any endogenous metabolic effect. The post-prandial effect of a single meal 

of baked herring compared to baked beef has also been studied using metabolomics, providing a 

dynamic view of metabolism (92). Among other findings, metabolomics analysis detected higher 

circulating levels of 2-aminoadipic acid and a branched chain amino acid (BCAA) leucine to be 

associated with beef as a protein source in comparison to herring (92). The results are interesting 

as both 2-aminoadipic acid and BCAA have been associated with elevated risk of type 2 diabetes 

(T2D) (93,94) supporting the earlier associations between red meat intake and incidence of T2D 

(95-97). These few studies that have been carried out show that there is much promise in using 

metabolomics to understand the global effects of eating fish instead of meat, though more studies 

are required to understand the differences in effects of different types of fish and meat on human 

metabolism. 

Type 2 diabetes 

T2D is one of the major global health challenges and its global incidence is expected to increase 

dramatically during the coming years (98). Development of T2D is generally slow, and results from 
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an inability to efficiently use insulin to control blood glucose concentration (referred to as insulin 

resistance) leading to prolonged periods with elevated blood glucose concentrations. Progression 

of the disease has severe consequences for the patient including neuropathy and microvascular 

complications (99). Insulin is a hormone secreted from the β-cells in the pancreas in response to 

elevated glucose concentrations, binding to insulin receptors on cell membranes that in turn send 

a signal to increase synthesis of glucose transporters that migrate to the cell membrane and allow 

uptake of glucose into the cell. T2D results from an inability of cells to effectively take up glucose 

from the bloodstream after a meal as the insulin resistance (IR) in the cells has reached a point 

where pancreas can no longer produce enough insulin to stimulate glucose uptake. Beyond new 

developments with bariatric surgery (100), there are no means to cure T2D, so preventing the 

onset of the disease is the most effective means to reduce rates of T2D. 

One method of T2D diagnosis is by measuring venous blood plasma glucose concentrations both 

at fasting state and two hours after an oral glucose tolerance test during which subjects are given 

a 75 g glucose load (101). According to World Health Organisation criteria subjects with fasting 

plasma glucose levels of  7.0 mmol/l or two hour plasma glucose of  11.1 mmol/l are diagnosed 

as T2D. Diagnosis of T2D is often binary, though the disease itself represents a continuum from 

normal (healthy) glucose tolerance through to T2D. A third diagnosis can be made from glucose 

tolerance tests, ‘impaired glucose tolerance’ (IGT), or ‘pre-diabetic’. People with a fasting glucose 

level of  7.0 mmol/l and two hour glucose between  7.8 and  11.1 mmol/l are classified as IGT, 

and are at high risk for developing T2D (102). Other tests used to diagnose and characterise T2D 

are glycated haemoglobin (HbA1c) which reflects longer term (2-3 months) blood glucose levels 

(103) and homeostatic model assessment (HOMA) that uses fasting glucose and insulin (HOMA-

IR) in a computational model for estimating insulin resistance (104).  

Development of T2D is a multifactorial process affected by both genetic and environmental factors 

among which obesity is one of the main predictors of development of T2D, which in turn is tightly 

connected to excess energy intake (105). In this context, the global increase in prevalence of 

obesity makes it likely that the future global burden of T2D will rise (106). This makes developing 

therapies and prevention strategies for T2D essential. At present, pharmaceutical treatments for 

T2D beyond insulin injections have limited success in long-term treatment of T2D, and cannot 

reverse the disease. As obesity is strongly implicated in the development of T2D, prevention 

through improvement in lifestyle habits including diet and physical activity should be an effective 

strategy (107-109). One way to encourage people to take steps to improve their lifestyle to 

prevent T2D is to identify those at high risk for developing T2D well before they actually develop 

the disease. Basic clinical parameters such as fasting glucose and oral glucose tolerance test 

(OGTT) together with factors such as body mass index (BMI), smoking and heredity are all 

associated with development of T2D (110) but their use, however, has so far not been successful 

in prevention of the disease as illustrated by the increasing incidence of T2D (111), though lack of 

widespread screening programmes may also play a role.  
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Metabolomics and type 2 diabetes 

Metabolomics could serve as an alternative means for population level screening to detect T2D 

risk.  Several studies have used metabolomics for exploring the associations of T2D and the 

metabolome and the findings suggest several metabolite classes are associated with elevated risk 

of T2D. Among those, BCAA including leucine, isoleucine and valine, have been repeatedly 

associated with elevated risk of IGT (112-117) or T2D (31,113,116,118-120) suggesting a 

relationship between BCAA and IGT and T2D. Similarly to BCAA, aromatic amino acids have been 

repeatedly associated with both IGT (112,114,116,117) and T2D (116,118,120). In addition, 

various lipid classes (31,32,113,118,121-123), sugars (31,113,116,118,121) and ketones 

(32,113,116-118,124,125) have been associated with IGT, T2D and development of T2D. The 

wealth of information created in metabolomics studies opens up new, previously unhypothesised 

possibilities for mechanistic evaluation of the disease as highlighted recently by the discovery of 

a furan fatty acid, 3-carboxy-4-methyl-5-propyl-2-furanpropanoic acid (CMPF), to be elevated in 

subjects with T2D (126). CMPF was also found to induce -cell dysfunction (126) and its rapid 

elevation may accelerate development of the disease (127). Interestingly, CMPF has also been 

associated with increased intake of fatty fish (42) and in the same population no associations 

between CMPF and glucose tolerance were found (128). This suggests a far more complex 

relationship between diet and disease, and that one metabolite may predict different things in 

different populations or circumstances. This illustrates the complexity of understanding the role 

of different metabolites detected using metabolomics, the difficulty in disentangling the 

endogenous and exogenous (e.g. food) metabolomes, and the need for scientists to work across 

disciplines to get the best possible understanding of what metabolomics results may mean.  

Prediction of the onset of T2D using metabolomics could offer the possibility for improved 

detection of the subjects at high risk and screening of the at-risk subjects using a single fasting 

plasma sample instead of the more common OGTT that requires a longer visit at the clinic and 

more time with health professionals. However, established predictors such as HbA1c, a marker for 

longer term elevated blood glucose levels, already can provide reasonable detection of the 

subjects at risk (129) although in general better prediction has been achieved when using a 

combination of classical predictors and metabolomics (Table 1). Prospective cohorts, where 

subjects are followed for several years to capture new T2D cases during the follow-up period, are 

especially useful for evaluating if metabolomics can be used for prediction of future T2D or 

improve on the existing markers. Large prospective cohorts including but not limited to the 

Framingham Heart Study (130), Cooperative Health Research in the Region Augsburg (KORA) 

(131), the Cardiovascular Risk in Young Finns study (FINRISC) (132), the Relationship between 

insulin sensitivity and Cardiovascular disease study (RISC) (133), the Botnia study (134) and EPIC 

(135) have been used so far for testing prediction based on metabolomics (Table 1). In the 

Framingham cohort prediction of future T2D was improved from AROC=0.52 to AROC=0.65 when 

using a combination of five amino acids and age, BMI and glucose in comparison to using age, BMI 

and glucose (136). In the KORA study prediction based on age, sex, BMI, physical activity, alcohol 

intake, smoking, systolic BP and HDL cholesterol yielded an AROC of 0,742 whereas adding HbA1c, 

fasting glucose and insulin into the model improved the prediction to AROC=0.818 (31). Adding 
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metabolomics results to the first model gave a modest improvement to the prediction from 

AROC=0,742 to AROC=0.754 and adding metabolomics results to the latter model improved 

prediction from AROC=0,818 to 0,828 (31). In the EPIC cohort prediction based on diabetes risk 

score (DRS) gave an AROC of 0,847 whereas prediction based on metabolites had similar 

prediction power with an AROC of 0,849 (121). Combining DRS with metabolites improved 

prediction (AROC=0,890) and further with a combination of DRS, glucose and HbA1c (AROC=0,901), 

whereas best predictive power was achieved by using DRS, glucose, HbA1c and metabolites 

(AROC=0,912)(121). In the Botnia study family history of diabetes (FHD), sex, age and BMI 

predicted T2D with an AROC of 0,794, addition of fasting glucose into the model increased 

prediction to 0,766, addition of fasting and 2-h glucose to 0,788 whereas the best prediction was 

achieved with further addition of two metabolites (AROC=0,796) (32). These results suggest that 

metabolomics can identify metabolites that can lead to modest improvements to existing 

measures used to predict diabetes. More work, including a cost-benefit analysis would be required 

to see if these improvements would make any practical improvement in reducing diabetes 

incidence and associated costs. These studies have focused on predicting diabetes, and there may 

be another potential application of these results in studying how they could improve monitoring 

of diabetes. 

The application of metabolomics in research related to T2D suggest it to be an effective tool for 

exploring associations between different outcomes related to glucose tolerance and metabolome 

as highlighted by the replication of BCAA associations in many studies (137). Also, as the studies 

discussed earlier suggest prediction of future T2D based on metabolomics is possible with 

reasonable sensitivity and selectivity providing an improvement or an additional means for 

screening of at risk population. However, it can be argued that already the existing tools i.e. fasting 

glucose, HbA1c and risk factors already provide sufficient sensitivity and selectivity for detection 

of at risk subjects and, thus, the focus should be more on better utilization of the existing tools. 
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Biomarkers  

Biological markers, more commonly referred to as biomarkers, are measures that can be used to 

objectively indicate a status of a subject (140). By definition a biomarker is:  

• ‘A characteristic that is objectively measured and evaluated as an indicator of normal 

biological processes, pathogenic processes, or pharmacological responses to a 

therapeutic intervention’ (141) 

• ‘Any substance, structure, or process that can be measured in the body or its products 

and influence or predict the incidence of outcome or disease’ (142) 

• ‘Almost any measurement reflecting an interaction between a biological system and a 

potential hazard, which may be chemical, physical, or biological. The measurement 

response may be functional and physiological, biochemical at the cellular level, or a 

molecular interaction’ (143) 

Based on these broad definitions a biomarker can be almost any measurable biological parameter 

that has a relevant association with a condition, disease, intervention or a response. At its 

simplest, biomarkers can be physiological measurements such as measurement of blood pressure 

reflecting cardiovascular risk (144) or weight or waist and hip circumference reflecting obesity. 

Well known biomarkers of T2D measured in blood include fasting glucose and HbA1c 

(110,145,146).  

Based on their use biomarkers can be classified into three classes as follows: Biomarkers of 

Exposure, Biomarkers of Effect, and Biomarkers of Susceptibility. Biomarkers of exposure are 

measurable substances, either parent molecules or metabolites that can reflect exposure to an 

external factor such as environmental pollutants or diet. Thus, the exposure biomarkers can be 

used to finding associations between the external factor and health without additional data on 

the magnitude of exposure (143). Dietary biomarkers fall into the category of biomarkers of 

exposure and can provide a link between diet and an outcome when dietary intake data may not 

be accurate or is not available (147). Biomarkers of effect can be endogenous substances which 

when they change concentration reflects or is associated with an outcome (143), often disease 

risk, such as T2D. Lastly, biomarkers of susceptibility are indicators of an inherent or acquired 

ability that makes the host more susceptible to an outcome such as disease (148). Such a marker 

can be for example a genetic factor leading to elevated disease risk (149).  

Dietary Biomarkers 

Estimating food intake is central in nutrition research. Estimations rely primarily on methods such 

as food frequency questionnaires (FFQs), food diaries and 24 h recalls. However these tools are 

subjective and have several well-known limitations, including subjects not always recalling all 

foods or food components they have consumed, difficulties in estimation of portion sizes, and 

incorrect reporting of what has been eaten (150-152). Measuring biomarkers of exposure to diet, 

or dietary biomarkers, can provide an independent measure of food intake that is not influenced 



 

29 

 

by biases related to self-reporting. Dietary biomarkers can be used in conjunction with other 

measures of intake to identify major discrepancies between diet estimation methods, and also in 

situations where no dietary intake data is available. This latter case can be especially important in 

cohort-based studies or when performing case-control studies based on biobanked samples, 

which may not have dietary intake data associated with them. Numerous molecules have been 

suggested as possible biomarkers for intake of different food items or diets (77) although to date 

few extensively evaluated dietary biomarkers exist (153-155). 

In general, dietary biomarkers can be categorized into three classes, recovery, concentration and 

predictive biomarkers. Recovery biomarkers, such as urinary nitrogen for protein intake (156), are 

markers that quantitatively reflect dietary intake and thus need to be properly validated in 

calibration studies for establishing their use in diets and situations (157). Recovery biomarkers can 

also be used as a tool for validating other dietary intake measurement methods such as via the 

method of triads (158). Concentration biomarkers, such as alkylresorcinols for whole grain wheat 

and rye intake (159), can be used as reference measurements for dietary intake and their 

concentration correlates with dietary intake but as such the information cannot be translated into 

actual intake values (157). Lastly predictive biomarkers, such as urinary sucrose and fructose for 

sugar consumption (160), that can be used for predicting dietary intake rather than measuring it 

due to overall low recovery of the biomarker (157,160).  

An optimal dietary biomarker would accurately and specifically reflect dietary intake and it should 

in addition be applicable to many populations (157). Typical biomarkers are, however, not ideal 

and there are several factors affecting how good/valid a dietary biomarker is stemming from food 

(compositional variation, food processing and preparation), human physiology (including 

absorption, metabolism and excretion) and from the measurement including sample collection, 

sample preparation and both biological and analytical reproducibility (153,161). Dietary 

biomarkers should be specific meaning that the measurement should reflect intake of the food 

item or nutrition under examination (161). A number of factors such as genetic variation, lifestyle, 

dietary factors and biomarker measurement, can confound the relationship between the 

biomarker and exposure (157) and working towards taking these into account is important (162), 

or at least knowing the extent these confounders can effect a result. The individual differences in 

metabolism possess a challenge for the use of dietary biomarkers as the variation between 

individuals is not well understood and absorption rates, affected by a number of factors, can vary 

not only between individuals but also within individuals (153). Metabolic rates may also make time 

of sampling critical, with differences in pharmacokinetic half-life potentially leading to great 

differences is a fasting blood sample is collected at for example 8 or 12 hour after the last meal. A 

biomarker should also be reproducible both in physiological response and in analytical 

measurement i.e. if food intake is stable, the biomarker measurement should be similar across 

several days (161).  

Among the few well studied biomarkers urinary sucrose and fructose have been established as a 

biomarker for total sugar intake in both normal and obese subjects and further detect changes in 

consumption (160). Furthermore, using these biomarkers subjects can be divided into high and 

low consumers of sugar (163). Alkylresorcinols (AR) reflect whole grain (WG) rye and wheat intake 
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(159) and several studies have found correlations between dietary intake of whole grain rye and 

wheat and plasma concentrations of AR suggesting suitability of AR as biomarkers for whole grain 

rye and wheat intake (164-167) and AR have been used for confirming compliance in several 

studies (168-170). AR have been further exploited to understand more about cereal intake, 

including using the ratio between the AR homologues C17:0 and C21:0 to determine subjects who 

eat more wheat or rye (166,167). Also, the potential of AR as biomarkers of gluten free diet 

important in treatment of celiac disease patients has been suggested recently (171). In addition, 

it was recently discovered that quinoa, a South American pseudocereal, contains including an 

array of AR that opens the possibility to separate WG rye and wheat users from quinoa users (172). 

The varying examples of AR as biomarkers demonstrates the potential of dietary biomarkers not 

only as markers of dietary intake, but also as an additional tool in treatment of disease.  

A few studies has demonstrated the potential of using dietary biomarkers in intervention studies 

(165,173-175) which could be used as an ´unbiased´ measure of either compliance or diet or to 

capture dietary patterns reflecting diet quality as demonstrated recently (176,177). Overall the 

biggest limitation of the application of biomarker approach for assessment of nutrition is the lack 

of valid biomarkers both in restricted and larger populations. Although many of the nutritional 

metabolomics studies undertaken focusing on food intake have found potential dietary 

biomarkers (77), the necessary validation work for the suggested dietary biomarkers remains to 

be done. Large cohorts and a diverse range of intervention studies with dietary intake data are 

needed for assessing the accurateness and robustness of these biomarkers and in addition the 

approaches of measuring them which is imperative for increasing valid use of biomarkers in 

dietary assessment (178).  

Discovery of dietary biomarkers using metabolomics 

Metabolomics based approaches for biomarker discovery have aided the identification of many 

potential new dietary biomarkers (77). Certainly, the monitoring of hundreds of small molecules 

simultaneously offers new possibilities for biomarker discovery in addition to knowledge based 

measurement of food constituents (58). However, a bottleneck in biomarker discovery work is the 

validation work that needs to be done after discovery of a potential biomarker. Scalbert et al (77) 

suggested division of dietary biomarker discovery approaches into hypothesis-driven and data-

driven, where metabolomics can be applied in both approaches. These approaches are in principle 

analogous to the division of metabolomics analyses into targeted and untargeted; in hypothesis-

driven approaches, prior knowledge based on, for example, available biomarker databases are 

used to limit the candidate biomarkers that will be measured whereas in data-driven approach all 

measured metabolites are considered as candidate biomarkers (77). Also, the application of 

targeted metabolomics methods will direct the biomarker discovery towards the set of measured 

molecules (177) in contrast to using untargeted metabolomics workflows allowing a wider screen 

of potential biomarkers. Examples among the potential biomarkers are the urinary concentrations 

of 1- and 3-methyl-histidine (179-181), and plasma concentrations of β-alanine and 4-

hydroxyproline (92) which have been found to be associated with meat intake in metabolomics 

studies. There is still a need to validate these potential biomarkers, and in particular establish how 
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well they can be distinguished from breakdown of muscle, which also adds similar compounds to 

the overall metabolome. 

In general, both intervention and cohort studies can be used for dietary biomarker discovery. 

Short and medium intervention studies where subjects consume a known amount of a given food 

either once, or over a period of time can be used for discovering specific biomarkers (77,182). In 

a single-meal study baseline and postprandial samples are collected and, in general, in a longer 

intervention study samples are collected at baseline and at the end of the intervention period. 

However, intervention studies lack the variability of a habitual diet and thus the discovered 

putative dietary biomarkers may not be sufficiently specific at population level. Cohort studies 

with food intake data allow the identification of high and low consumers of certain foods making 

it possible to cross-sectionally examine the relationships of possible biomarkers with the food 

intake data in the cohort population. However, as with intervention studies some specificity 

problems arise also from cohort studies as in many cases specificity of a biomarker to a certain 

food cannot be confirmed, and requires further work in other cohorts and intervention studies to 

confirm the relationship. 
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METHODS 

Sample preparation and GC-MS/MS metabolomics method 

A novel GC-MS/MS method aiming to simultaneously collect MRM and full scan data was 

developed using common protocols for preparation of blood plasma for analysis. In brief, blood 

plasma collected using sodium citrate as an anticoagulant was extracted and derivatised using the 

method of A et al (15). Ten stable isotopes were included as internal standards for correcting 

within and between batch variation, and dried plasma extracts and standards were derivatised 

using methoxymation followed by silylation. Analyses were carried out on a Shimadzu GCMS TQ-

8030 GC-MS/MS system. Optimized conditions for MS data collection were scan time (50-700 m/z) 

75 ms, MRM transitions 45 ms, for a total loop time of 120 ms (Paper I).  

A MATLAB (Mathworks, Natick, MA, USA) script and database developed at the Swedish 

Metabolomics Centre (Umeå, Sweden) was used for targeted analysis of the full scan data (183). 

Internal standard normalisation of raw data was performed using the method of Jonsson et al 

(183). 

GC-MS/MS method evaluation 

The performance parameters used for evaluation of the GC-MS/MS metabolomics method were 

full scan and loop time, linearity, limit of detection (LOD), plasma volume, precision of the targeted 

and untargeted part of the method, and accuracy (Table 2). 

Table 2. Parameters and criteria used for evaluation of the GC-MS/MS metabolomics method. 

Parameter Assessment Criteria 

MRM optimization 9-45 eV Sensitivity and selectivity 

Full scan time 50-75 ms Number of deconvoluted spectral features 

Loop time 100-150 ms Number of deconvoluted spectral features 

Linearity Standard and plasma R2 

Limit of detection Calculation Concentration 

Plasma volume 40-160 ul Reproducibility of MRM analytes 

Precision (MRM) Intra- and interbatch precision RSD% 

Precision (scan) Intra- and interbatch precision Number of features passing three RSD% thresholds 

Accuracy Comparison against reference  Percentage difference 
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Application to an intervention study: Comparing herring with 

chicken and pork intake 

Study population and design 

This study was conducted as a data analyser blinded randomised crossover intervention trial 

approved by the Ethical Committee of the Western Götaland region (359-03) and carried out in 

2003. Details of the study design have been published previously (184). Briefly, fifteen overweight 

and obese men and women (mean age 50.5 y, mean BMI 32.6 kg/m2, mean weight 97.5 kg) with 

no known chronic or serious health issues were recruited for this study. Participants were 

provided with frozen meals including 150 g of baked herring or 120-150 g chicken and lean pork 

per meal and were instructed to eat five of these meals per week for lunch or dinner during each 

four week intervention period. The two intervention periods were separated by a two-week 

washout period. Fasting blood samples used in this study were collected at baseline, week two 

and week four in each study period. Thirteen subjects completed the study, with two dropouts 

due to use of analgesic medication and inability to attend all parts of the study and there was 

insufficient plasma for metabolomics to be measured for two subjects. Samples were frozen and 

stored in -80⁰C.  

Study foods 

The study foods have been previously described (184). In brief, fresh herring, lean pork and 

chicken fillets were baked in the oven at 150°C until protein denaturation temperature and 

prepared as part of frozen ready meals within three days of catching or slaughter. Herring, lean 

pork or chicken fillets were made into complete meals that contained mashed potatoes, baked 

potato wedges, pasta or rice, with different vegetables and sauces to increase meal variety. The 

dishes were identical except for herring vs. chicken/lean pork between the two interventions. The 

average nutrient content of the meals was similar between the two interventions, aside from fat 

content (184). The herring meals contributed 3.4 g/d of eicosapentaenoic acid (EPA) and 

docosahexaenoic acid (DHA), while the chicken and pork meals contained negligible amounts of 

these LC n-3 PUFA. Meals were stored frozen at -40°C until delivery to the subjects, who were 

instructed to keep the meals in their freezers until reheating in a microwave using standardised 

cooking times.  

Chemical analyses 

GC-MS metabolomics was performed using the method as outlined above and with the same 

instrument with the exception that only scan data was acquired and used. Nitric oxide was 

determined using a colorimetric kit (Cell Biolabs, San Diego, CA, USA). Amino acids were measured 

in the same sample extract that was used for metabolomics analysis after storage at -20°C for two 

years. Amino acid analysis of amino acids of interest based on the GC-MS results was done using 

LC-MS (185). Ornithine (m/z 133), Arginine (m/z 175), Asparagine (m/z 133) and Glutamine (m/z 
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147) were detected and quantified against an external standard curve. Citrulline and aspartate 

could not be detected in the plasma samples. 

Data analysis 

Global differences in plasma response between the meals were investigated with PCA and 

orthogonal partial least squares-discriminant analysis (OPLS-DA) using the SIMCA software 

(Umetrics AB, Umeå, Sweden)(186). After normalization based on internal standard, data were 

corrected for baseline by subtracting the baseline values from the week 2 and week 4 time points, 

and data were subjected to unit variance (UVN) scaling and mean centring. The plasma responses 

to the baked herring meal were compared to the pork/chicken-based meal in an OPLS-DA analysis, 

where the difference between the meals was explained by the first predictive component. The 

OPLS model was made from all time points in the dataset, i.e. 0-4 weeks, with a 10-fold validation. 

Discriminating variables detected using OPLS-DA were further analysed for differences between 

diets using mixed model analysis and post hoc t-tests to determine differences between diets. 

Mixed models were used to determine diet x time differences for individual metabolites. Meal 

type and time were included as fixed factors, adjusted for age and gender with subject as a random 

variable. Data was corrected for baseline by subtracting the baseline values from the 

corresponding week 2 and week 4 values. XLSTAT for Excel 2013 (Addinsoft, Paris, France) was 

used for all mixed model and univariate data analyses. Uncorrected P values < 0.05 are reported 

as of interest in line with the exploratory nature of this work. We have reported trend results at P 

< 0.1 if they were potentially related to significant metabolites. 

To determine the overall metabolic pathways affected by the difference in diets, the significantly 

changed metabolites and their intensities were mapped to the human metabolic network and 

pathway over-representation analysis (187) was performed. A hypergeometric test estimated the 

relative significance of the over-represented pathways against the background KEGG pathways 

for Homo sapiens (188). The Relative Importance of the Metabolites (RIM) involved in pathway(s) 

were estimated by betweenness centrality (189).  

Application to a population based cohort: The DIWA study 

Study population 

A population-based cohort established by inviting all 64-year-old (n=4856) women identified 

through the County Register in Gothenburg region to participate in a screening examination that 

took place in 2001-2004 (Figure 5) (190). The definition of IGT and diabetes were based on WHO 

criteria (191). The means of the two oral glucose tolerance tests were used in the classification of 

IGT at baseline. The screening examination included fasting capillary whole blood glucose 

measurements in women with overt diabetes and repeated OGTT (110,190) in women without 

overt diabetes. Among the 2595 women screened, prevalence of diabetes was 9.5% and 

prevalence of IGT was 14.4%. Women with diabetes, similarly sized groups of women with IGT and 

normal glucose tolerance (NGT) were randomly selected and invited to participate in a nested 
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case–control study, which included a baseline examination. In total, 629 women participated in 

the first examination and samples from 607 subjects were analysed by GC-MS/MS metabolomics 

(T1D n = 14, T2D n = 202; IGT, n = 203; NGT, n = 188) (110). T1D was defined as serum glutamic 

acid decarboxylase antibody level 4.6. A nested case-control re-examination was performed 

after 5.5 years in 500 women with diabetes (n = 159), IGT (n = 174) or NGT (n = 167) according to 

the classification at baseline. The remaining 129 women from the original study did not participate 

in the re-examination because of death (n = 23), severe disease (n = 3), because they were no 

longer living in the area (n = 12) or were unwilling to participate (n = 91) (110). For a 

comprehensive description of the cohort it is recommended to refer to the original description of 

the cohort (190). 

 

Figure 5. The screening procedure. 1Percentage of invited and 2Percentage of screened. 
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Clinical biochemistry 

Blood glucose, insulin and adiponectin as well as total cholesterol, high density lipoprotein (HDL), 

low density lipoprotein (LDL), free fatty acid and triglyceride measurements were performed using 

standard clinical chemistry techniques as previously described at the Clinical Chemistry Laboratory 

of the Sahlgrenska University Hospital, Gothenburg (110). 

Data analysis strategy and statistical analyses 

Associations between potential dietary and nutrient biomarkers and glucose 

tolerance status 

Due to the possibility to simultaneously detect multiple molecules the GC-MS/MS metabolomics 

data was searched for potential food derived molecules that potentially reflect either dietary 

intake or nutrient status. The following potential biomarkers were found: - and -tocopherol 

[vitamin E], alkylresorcinols C17 and C19 [wholegrain wheat and rye], -alanine [meat], CMPF 

[fish], lauric acid [saturated fat], oleic acid [found in animal fat and olive oil], eicosapentaenoic 

acid (EPA) [fish] and linoleic acid [often associated with margarine and vegetable oil] (Table 5). 

These compounds were used in the data analysis plan outlined below. 

Samples taken at baseline were used for exploring the associations between the potential dietary 

and nutrient biomarkers with glucose tolerance groups (GTS) defined as NGT, IGT and T2D, and 

new T2D cases at follow-up, correcting for common risk factors of T2D and cardiovascular disease 

(CVD). Analysis of covariance (ANCOVA) and Tukey´s post hoc t-test were used for comparing 

levels of the potential biomarkers between the three GTS groups and logistic regression for testing 

if baseline values of potential biomarkers were associated with new T2D at follow-up. All data 

were checked for normal distribution and skewed variables were log transformed. For logistic 

regression analysis each biomarker was scaled to have a mean of zero and a standard deviation of 

one to have comparable units for all biomarkers. As the focus of this work was to find relationships 

between potential dietary and nutrient biomarkers and incident T2D, cases with previously 

diagnosed T2D or T1D were excluded from the analyses. Waist circumference, total cholesterol, 

HDL, LDL, free fatty acids, systolic blood pressure and triglycerides were considered as potential 

confounders and were first individually tested for each biomarker and outcome combination 

(Stage 1). After this, a step-wise model reduction was performed starting from the model including 

all potential confounders (P<0.05 at Stage 1 testing) for each biomarker individually followed by 

removal of the least significant variables one by one and ending with a model including only 

significant (P<0.05) confounders (Stage 2) (Table 5). Results for the logistic regression are reported 

as odds ratios (OR) and 95% CI for 1 standard deviation change in concentration of biomarker for 

significant biomarkers. Results from ANCOVA models comparing GTS were reported as fold 

differences compared to NGT and to IGT in the case of T2D. As this study is explorative, testing for 

multiple comparisons was not done and results were considered significant at P<0.05. 
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Finding predictive markers of Type 2 diabetes 

Baseline data was used to explore potential metabolomics markers of T2D after exclusion of 

medicated T2D cases and the 69 participants who developed T2D during follow-up. The candidate 

markers for detection of incident T2D were tested on those subjects who developed T2D during 

5.5 years of follow-up. Sixty of the 69 women who developed T2D during the follow up period had 

IGT at baseline. The subjects with T1D at baseline were not included in the analysis. 

For finding predictive biomarkers the NGT and IGT groups, excluding the 69 women who 

developed T2D during follow up, were compared with the T2D group in two pairwise comparisons 

(NGT vs. T2D and IGT vs. T2D) using multivariate logistic regression models adjusted for analytical 

batch. Metabolites found to be significant in both of the comparisons were considered as potential 

predictive metabolites. To avoid statistical overfitting of the prediction models the number of 

metabolites used for prediction of incident T2D was restricted to the nine that separated T2D at 

baseline with the highest statistical difference. Before statistical analyses data was checked for 

normal distribution and skewed variables were log transformed. To put equal statistical weight 

for all metabolites, each metabolite was scaled to have a mean of zero and a standard deviation 

of one. Correction for multiple testing was done using the Benjamini-Hochberg method (48). 

Metabolomics data results are reported as odds ratio for 1 standard deviation change in 

concentration of metabolite for significant metabolites.  

Prediction of development of Type 2 diabetes 

In total ten different prediction models (Table 7) were tested for detection of the subjects that 

developed T2D (n=69). Models anthropometry model(AM), anthropometry + metabolomics 

model (AM+M), adiponectin model (AdM) and adiponectin + metabolomics model (AdM+M) were 

based on known markers of T2D risk with and without the strongest metabolite predictors. 

Metabolomics model (MM) was based on the 9 strongest candidate predictors and optimized 

metabolomics model (OM) was developed to determine if the 9 metabolites used in the MM could 

be reduced with minimal loss of prediction to make an optimised metabolomics model. The OM 

model was further combined with the glucose measures IGT and impaired fasting glucose (IFG) to 

test if these will further improve the prediction. Furthermore, the potential dietary and nutrient 

biomarkers were used for prediction of the new T2D cases alone (model NB) and in combination 

with AdM model. Area under the receiver operating characteristics curve (AROC) was used to 

assess the discriminating power of the prediction models. AROC was calculated with the 

trapezoidal rule using the R-package pROC (version 1.8). Using the same R-package the different 

AROC curves were tested for significant differences using a non-parametric comparison as 

described earlier (192). Model reduction for the 9 significant metabolites was done by finding the 

optimal model using R package glmulti (193). Akaikes information criterion was used to evaluate 

goodness of fit of the models (194).  
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RESULTS 

A new GC-MS/MS metabolomics method 

Optimization and testing of instrumental parameters and spectral 

features in full scan data 

MRM parameters were optimized for 37 molecules and 10 labelled internal standards (Table 3). 

In the case of the two AR molecules, selected ion monitoring (SIM) of the ion 268 m/z was used 

instead of MRM as this gave better sensitivity than MRM. Depending on the number of MRMs 

measured simultaneously, dwell time varied between 1.5 and 20.5 ms.  

The time spent measuring the untargeted scanning data had an effect on the number of detected 

spectral features from the data. The amount ranged between 265 and 411, with the highest 

number of peaks detected with a 70 ms scan time, and the lowest with a 65 ms scan time. Both 

70 and 75 ms scan times resulted in a similar number of features and 75 ms was selected for the 

method as it is not close to the scan-rate threshold. 

The tested loop times did not have a clear pattern in the number of detected features as a function 

of loop time. Varying loop time between 100 and 150 ms yielded 413 to 456 detected features. 

120 ms was selected for the method for providing sufficient time for allocation of multiple MRMs 

while still maintaining sufficient spectral acquisition rate (8.22 Hz) for the scanning data. 

The average number of raw detected spectral features in the scanning data was 2979 which was 

further reduced to 1054 by application of a minimum normalised peak area filter of 6000. The 

number of spectral features passing the reproducibility threshold levels, 30, 25 and 20 RSD%, was 

601, 501 and 373 respectively for intra-batch variation and 486, 297 and 143 for inter-batch 

variation. Deconvolution of a matrix free blank sample yielded 20, 4 and 1 features with the same 

threshold limits. 
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Table 3. Optimized MRM transitions with collision energy (CE) for quantifier and qualifier ions as 

well as accuracy as percentage of the measured value over the reference value.  

  Accuracy (mol/l) Quantifier Reference   

  Reference Measured Accuracy (%)1 Transition CE Transition CE Retention index 

cis-Aconitic acid - - - 229.00>147.10 12 375.00>147.10 18 1745 

Alanine 8,9 11,8 132,8 116.00>73.10 12 147.00>73.10 18 1101 

-Alanine - - - 174.00>73.00 18 248.00>147.00 18 1423 

Alkylresorcinol C17:02 - - - 268.002 - - - 2890 

Alkylresorcinol C19:02 - - - 268.002 - - - 3085 

Arginine/Ornithine - - - 142.00>73.00 15 174.00>73.00 15 1813 

Asparagine - - - 231.00>73.10 27 188.00>73.10 9 1665 

Cholesterol - - - 329.00>95.00 9 129.00>73.00 30 3149 

Citric acid - - - 273.00>73.10 24 273.00>183.20 12 1809 

CMPF3 - - - 327.00>147.20 18 266.00>147.10 24 1968 

Dimethylarginine - - - 256.00>157.20 9 256.00>75.10 24 1828 

Fumaric acid - - - 245.00>73.10 24 143.00>75.10 12 1351 

Glutamic acid 3,3 3,5 106,9 246.00>73.00 27 128.00>73.00 12 1617 

Glycine 6,1 5,7 92,8 174.00>73.10 15 248.00>147.10 15 1302 

Histidine 3,8 7,4 198 154.00>73.10 18 254.00>73.10 24 1912 

2-Hydroxybutyric acid - - - 131.00>73.10 12 205.00>147.10 12 1131 

3-Hydroxybutyric acid - - - 191.00>147.10 12 233.00>147.20 12 1163 

myo-Inositol - - - 217.00>73.10 18 305.00>73.10 27 2081 

Isoleucine 2,4 2,6 107,5 158.00>73.00 18 218.00>73.00 18 1291 

Ketoleucine - - - 200.00>82.1 15 216.99>89.1 12 1215 

α-Ketoglutaric acid - - - 198.00>73.10 12 288.00>73.10 24 1574 

Lactate - - - 191.00>73.10 9 191.00>147.10 9 1130 

Leucine 4,4 4,7 106,6 158.00>73.00 15 102.00>73.00 9 1271 

Lysine 6,8 7,9 115,6 156.00>73.00 18 174.00>73.00 18 1917 

Methionine 1,1 1,1 94,9 176.00>128.00 9 128.00>73.00 9 1515 

3-Methyl-2-oxopentanoic acid - - - 189.00>79.1 15 189.00>99.1 9 1195 

Phenylalanine 2,8 2,7 96,2 218.00>73.00 15 192.00>73.00 15 1622 

Proline 6,8 6,6 96,5 142.00>73.00 18 216.00>147.00 15 1292 

trans-4-hydroxy-L-proline - - - 230.00>73.00 27 230.00>140.00 9 1521 

Serine 3,4 1,4 40,5 204.00>73.00 15 218.00>73.00 15 1359 

Succinic acid - - - 247.00>147.20 9 247.00>73.10 27 1328 

Threonine 4,7 4,7 98,4 218.00>73.00 18 291.00>101.00 12 1384 

α-Tocopherol 2,7 3,2 117,4 237.00>73.00 15 502.00>73.00 36 3133 

γ-Tocopherol 0,6 0,9 153,5 223.00>73.00 36 488.00>73.00 12 2989 

Tryptophan - - - 202.00>73.00 18 291.00>101.00 18 2207 

Urea 78,1 76,1 97,4 189.00>147.20 12 189.00>73.10 24 1249 

Valine 7,1 8,5 119,6 144.00>73.10 15 218.00>73.10 21 1214 

              

Internal standards             

Cholesterol-D7      336.00>121.20 18 129.00>73.1 9 3118 

Glucose-13C6      323.00>73.10 30 147.00>73.10 18 1899 

Glutamic acid-13C5,15N      251.00>73.10 30 251.00>132.10 15 1624 

α-Ketoglutarate-13C4      202.00>73.10 18 147.00>73.10 30 1580 

Methyl stearate      143.00>55.10 18 298.00>101.10 18 2124 

Proline-13C5      146.00>73.10 15 220.00>147.10 15 1294 

Putrescine-D4      174.00>73.10 18 174.00>86.10 12 1728 

Salicylic acid-D4      271.00>73.10 30 149.00>133.10 9 1501 

Succinic acid-D4      147.00>73.10 18 309.00>293.80 18 1317 

Sucrose-13C2       367.00>73.10 30 367.00>174.10 9 2641 
1(measured value)/reference value * 100, 2Measured in single ion monitoring mode, 33-carboxy-4-methyl-5-propyl-2-furanopropanoic acid  
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Linearity, Plasma Volume and Limits of detection 

Using a plasma sample volume of 100 and 120 µL in the extraction protocol were best with average 

RSD% for the compounds measured by MRM between 3.5 and 4.1. The use of lower plasma 

volumes led to increased variation. 

The majority of the compounds measured by MRM had a good linearity measured both from 

standard solution and plasma matrix with R2 > 0.99 (Table 4). Furthermore, compounds with 

structurally similar internal standard had higher R2 values indicating that use of more internal 

standards may lead to better linearity for more compounds. In the plasma matrix, α- and γ-

tocopherol had inverse U shaped calibration curves, with reduced response when larger volumes 

of plasma were used.  

Limits of detections were assessed for both the scanning data and MRM compounds (Table 4). 

Overall the estimated LODs varied between 0.05 and 102.8 µmol/L for the MRM data and between 

0.23 and 2118.4 µmol/L for the scanning data.  

Precision and Accuracy 

Intra-batch variation ranged between 1.0 and 16.7 % with 31 compounds <10 % and 6 between 

10 and 19.1 % whereas inter batch variation was under 10 for 22 compounds, between 10 and 20 

% for 10 compounds and between 20 and 30 % for three compounds (γ-tocopherol, 

dimethylarginine and tryptophan) (Table 4).  

Overall accuracy based on analysis of a recognised standard plasma sample ranged between 93 

and 133 %, except for 3 compounds (γ-tocopherol 154 %, histidine 198% and serine 41%) (Table 

3). 
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Impact of replacing dietary chicken and pork with herring on 

human metabolism 

Out of the 199 detected metabolites 46 were observed to best differentiate between the two 

diets in the OPLS-DA model (R2X=0.528, Q2=0.616). No outlier samples were found, and all time 

points for all subjects were kept in the analysis. From these 46 metabolites, eighteen metabolites 

were found to have significant diet x time interactions based on the follow-up mixed-model 

analysis. In order to determine if there were any pathway specific effects of replacing chicken/pork 

with herring, we performed a pathway over-representation analysis based on mapping the 

significantly changed metabolites onto the human metabolic pathway map which found that the 

TCA cycle, glyoxylate-dicarboxylate and arginine metabolism were highly enriched (-log10(p-

values)>5) after the herring diets.  

The herring diet led to seven metabolites increasing in comparison to the chicken and lean pork 

intake, while eleven metabolites increased on the meat diet relative to the herring diet. The 

herring diet led to increases (p value for diet x time interactions) of plasma asparagine (P=0.019), 

erythritol (P=0.020), ornithine (P=0.005), glutamine (P=0.012), glucosamine (P=0.005), shikimic 

acid (P=0.021) and p-coumaric acid (P=0.037). Of these only glucosamine was significant at both 

two weeks (P=0.016) and four weeks (P=0.039) whereas glutamine, ornithine and shikimic acid 

were found to be significant only after four weeks. Metabolites increased by the chicken/pork diet 

(p-value for diet x time interaction) were agmatine (P<0.001), cellobiose (P=0.045), citric acid 

(P=0.027), eicosanoic acid (P=0.009), fumaric acid (P=0.028), gluconic 1,4-lactone (P=0.045), 

glycolic acid (P=0.005), isocitric acid (P=0.002), oxalic acid (P=0.001), methylhistidine (P=0.001) 

and sorbose (P=0.041). Only isocitric acid and oxalic acid were significant at both two weeks 

(P=0.023, P=0.025) and four weeks (P = 0.029, P = 0.006) while citric acid and agmatine were only 

increased on the chicken/pork diet after four weeks. To aid in the interpretation of these changes, 

differences to the central carbon metabolites that were detected were mapped for the TCA and 

urea cycles (Figure 6). 
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Figure 6. Metabolite map of a selection of significant metabolites (box plots) differing between the 

herring and chicken/pork diet. The yellow arrows show the pathway of the metabolites increased 

by the herring diet and the blue lines for the metabolites increased by the chicken/pork diet. The 

black arrows indicate connections between metabolites where no intermediates were detected.  

Because metabolites in the TCA tended to be higher after the chicken/pork diet, and higher in the 

urea cycle after the herring diet, aside from agmatine, we hypothesised that there was an effect 

on arginine metabolism, with a possible downstream effect on nitric oxide, a cellular messenger 

synthesised from arginine by nitric oxide synthase. Nitric oxide concentrations tended to increase 

in plasma on the herring diet (P=0.09), with an interaction for gender. Analysis of each gender 

found that there was no effect of diet on nitric oxide concentrations in women but there was a 

significant difference in nitric oxide between diets in men after two weeks (P=0.03), and a 

tendency for a difference after four weeks (P=0.11). Conversely there were no significant 

differences for the amino acids analysed for men, while asparagine was higher after the herring 

diet in women (P<0.001), and ornithine tended to be higher after the herring diet (P=0.05). No 

differences for arginine or glutamine were observed. 

Potential dietary and nutrient biomarkers and Type 2 diabetes 

Associations between the potential diet and nutrient biomarkers and 

glucose tolerance status 

-alanine (P<0.001), alkylresorcinol homologues C17:0 (P=0.003) and C19:0 (P=0.011), CMPF 

(P=0.002), EPA (P=0.041), linoleic acid (P<0.001), oleic acid (P=0.003) and -tocopherol (P<0.001) 

were different when comparing the three GTS groups with each other (Table 5). All of the 
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previously named biomarkers, except for CMPF, were significant when comparing subjects with 

NGT to subjects with IGT, linoleic acid and CMPF when comparing NGT to T2D and CMPF, linoleic 

acid, -alanine and -tocopherol when comparing IGT to T2D (Table 5). As illustrated by fold 

chance (FC) in Table 5, subjects with NGT were had lower circulating levels of -alanine and CMPF 

compared to subjects with IGT and T2D. The two alkylresorcinols were higher in subjects with NGT 

compared to subjects with IGT, -tocopherol higher in NGT subjects when compared to IGT and 

T2D subjects. Oleic acid and EPA were higher in subjects with NGT when compared to IGT subjects, 

linoleic acid higher in NGT when compared to IGT subjects and higher in T2D when compared to 

NGT and IGT subjects. 

Baseline values of the potential biomarkers and future development of 

Type 2 diabetes 

-Tocopherol and CMPF were inversely associated with odds of developing T2D (P=0.01, OR: 0.72 

(95% CI 0.56-0.93 AND P=0.04, OR: 0.71(95% CI 0.51-0.98, respectively). 



 

46
 

 Ta
b

le
 5

. P
-v

a
lu

es
 a

nd
 o

d
d

s 
ra

ti
o

s 
w

it
h

 9
5%

 c
o

n
fi

d
en

ce
 in

te
rv

a
ls

 f
o

r 
th

e 
a

ss
o

ci
a

ti
o

n
s 

b
et

w
ee

n
 t

h
e 

p
o

te
n

ti
a

l d
ie

ta
ry

 a
n

d
 n

u
tr

ie
n

t 
b

io
m

a
rk

er
s 

a
n

d
 d

ev
el

op
m

en
t 

o
f 

ty
p

e 
2 

d
ia

b
et

es
 a

s 
w

el
l 

a
s 

A
N

C
O

V
A

 P
-v

a
lu

es
 a

n
d

 p
os

t-
h

o
c 

P
-v

a
lu

es
 w

it
h

 f
o

ld
 c

h
an

g
es

 f
o

r 
th

e 
a

ss
o

ci
at

io
n

s 
be

tw
ee

n
 t

h
e 

po
te

nt
ia

l 
d

ie
ta

ry
 a

n
d 

n
ut

ri
en

t 

b
io

m
a

rk
er

s 
w

it
h

 g
lu

co
se

 t
o

le
ra

n
ce

 s
ta

tu
s.

 M
a

in
 d

ie
ta

ry
 s

o
u

rc
es

 in
 S

w
ed

en
. 

  
  

  
D

if
fe

re
n

ce
 in

 g
lu

co
se

 t
o

le
ra

n
ce

 g
ro

u
p

 
  

  

  
  

 
P

-v
al

u
e

 
Fo

ld
 C

h
an

ge
  

C
o

n
fo

u
n

d
er

s 
D

ev
el

o
p

m
en

t 
o

f 
T2

D
 

B
io

m
ar

ke
r 

M
ai

n
 d

ie
ta

ry
 s

o
u

rc
es

 o
f 

th
e 

b
io

m
ar

ke
r 

in
 S

w
ed

en
 

A
N

C
O

V
A

 P
 

IG
T

-N
G

T 
T2

D
-N

G
T 

T2
D

-I
G

T 
IG

T/
N

G
T 

T2
D

/N
G

T 
T2

D
/I

G
T 

St
ag

e 
1

 
St

ag
e 

2
  

O
R

 (9
5%

 C
I)

 
 P

-v
al

u
e

 


-A

la
n

in
e


C
ir

cu
la

ti
n

g 
le

ve
ls

 li
n

ke
d

 t
o

 c
o

n
su

m
p

ti
o

n
 o

f 
m

ea
t 

 
0.

00
0 

 
0.

00
3

 
0 

0.
09

2
 

1.
14

 
1.

22
 

1.
07

 
H

D
L 

H
D

L 
0.

82
(0

.6
1

-1
.1

0)
 

0.
18

5
 

A
lk

yl
re

so
rc

in
o

l C
1

7
 

W
h

o
le

 g
ra

in
 w

h
ea

t 
an

d
 r

ye
 

0.
00

3
 

0.
00

1
 

0.
07

3
 

0.
28

8
 

0.
87

 
0.

93
 

1.
06

 
FF

A
 

FF
A

 
0.

86
(0

.6
3

-1
.1

4)
 

0.
30

3
 

A
lk

yl
re

so
rc

in
o

l C
1

9
 

W
h

o
le

 g
ra

in
 w

h
ea

t 
an

d
 r

ye
  

0.
01

1
 

0.
00

3
 

0.
17

8
 

0.
23

7
 

0.
9 

0.
94

 
1.

05
 

- 
- 

0.
81

(0
.5

9
-1

.1
0)

 
0.

19
 

C
M

PF
 

Fi
sh

 
0.

00
2

 
0.

23
2

 
0 

0.
00

8
 

1.
05

 
1.

2 
1.

14
 

LD
L 

LD
L 

0.
71

(0
.5

1
-0

.9
8)

 
0.

04
1

 

EP
A

 
Fi

sh
 

0.
04

1
 

0.
01

3
 

0.
14

5
 

0.
92

 
0.

93
 

0.
93

 
1 

C
H

O
L,

 H
D

L,
 L

D
L 

C
H

O
L,

 L
D

L 
1.

06
(0

.8
0

-1
.4

0)
 

0.
67

3
 

La
u

ri
c 

ac
id

 
M

e
at

, d
ai

ry
, c

o
co

n
u

t,
 p

al
m

 k
er

n
el

 o
il 

0.
05

 
0.

03
3

 
0.

86
1

 
0.

09
3

 
1.

05
 

1 
0.

95
 

FF
A

, H
D

L 
FF

A
, H

D
L 

1.
35

(1
.0

2
-1

.8
1)

 
0.

03
8

 

Li
n

o
le

ic
 a

ci
d

 
Se

e
d

s,
 n

u
ts

 a
n

d
 v

eg
et

ab
le

 o
ils

 
0 

0 
0.

00
4

 
0.

02
1

 
0.

9 
1.

02
 

1.
14

 
FF

A
, H

D
L 

FF
A

, H
D

L 
0.

79
(0

.5
8

-1
.0

8)
 

0.
13

5
 

O
le

ic
 a

ci
d

 
O

liv
e 

an
d

 r
ap

es
ee

d
 o

il,
 a

lm
o

n
d

, h
az

el
n

u
ts

, 
av

o
ca

d
o

 
0.

00
3

 
0.

00
3

 
0.

77
6

 
0.

12
1

 
0.

96
 

0.
99

 
1.

04
 

FF
A

, C
H

O
L,

 H
D

L 
FF

A
, C

H
O

L,
 

H
D

L 
0.

83
(0

.6
2

-1
.0

9)
 

0.
18

6
 


-T

oc
o

p
h

er
o

l
Pa

st
ry

, m
ar

ga
ri

n
e,

 e
g

gs
, b

re
ad

, v
eg

et
ab

le
s 

an
d

 f
ru

it
s 

 
0 

0 
0 

0.
98

3
 

0.
84

 
0.

84
 

1 
C

H
O

L,
 H

D
L,

 L
D

L,
 T

G
 

C
H

O
L,

 L
D

L 
0.

72
(0

.5
6

-0
.9

3)
 

0.
01

3
 

-
To

co
p

he
ro

l
 C

o
rn

 a
n

d
 s

o
y 

b
ea

n
, m

ar
ga

ri
n

e
 

0.
17

 
0.

08
9

 
0.

13
7

 
0.

85
2

 
1.

07
 

1.
08

 
1.

01
 

FF
A

, C
H

O
L,

 H
D

L,
 L

D
L,

 
TG

, W
 

C
H

O
L,

 H
D

L,
 

LD
L 

1.
00

(0
.7

7
-1

.2
9)

 
0.

99
2

 

 



 

47 

 

Prediction of Type 2 diabetes using metabolomics and 

potential dietary and nutrient biomarkers 

Metabolomics 

The comparisons of the glucose tolerance groups between each other found 41 significant 

(Pcorr<0.05) metabolites between NGT and T2D subjects and 12 when comparing IGT and T2D 

subjects (Table 6). The two lists were combined and nine metabolites were selected for the 

prediction study based on lowest corrected P-value. These metabolites were sorbitol, galacticol, 

mannose, galactose, uric acid, oxalic acid, glucaric acid-1,4-lactone, 3-methyl-2-oxopentanoic acid 

and 2-hydroxybutyric acid. 

 



 

48 

 

Table 6. Significant metabolites with chemical class, P-value, corrected P-value (Pcorr) and odds 

ratios with 95% confidence intervals (OR (95% CI)) from pairwise comparisons of NGT and T2D and 

IGT and T2D using logistic regression models adjusted for analytical batch. 

    NGT vs. T2D IGT vs. T2D 

Metabolites Class Pvalue Pcorr OR (95% CI) Pvalue Pcorr OR (95% CI) 

Alanine Amino acid - - - 0,005 0,039 1.57(1.16-2.19) 

Asparagine Amino acid - - - 0,002 0,019 1.68(1.23-2.36) 

Cystine Amino acid 0,009 0,027 1.46(1.10-1.95) - - - 

Glutamic acid Amino acid 0,001 0,004 1.67(1.24-2.28) - - - 

Glutamine Amino acid 0,001 0,004 1.68(1.25-2.33) - - - 

Lysine Amino acid 0,000 0,000 1.85(1.37-2.52) - - - 

Phenylalanine Amino acid 0,012 0,032 1.47(1.09-1.94) - - - 

Proline Amino acid 0,004 0,012 1.55(1.16-2.11) - - - 

Sarcosine Amino acid 0,014 0,036 1.42(1.08-1.88) - - - 

β-Alanine Amino acid 0,002 0,006 1.75(1.24-2.53) - - - 

Isoleucine BCAA 0,000 0,000 1.92(1.42-2.65) - - - 

Leucine BCAA 0,000 0,000 1.89(1.41-2.58) - - - 

Valine BCAA 0,001 0,004 1.64(1.23-2.23) - - - 

2-Methylmalic acid  Dicarboxylic acid 0,000 0,000 0.53(0.38-0.70) - - - 

Fumaric acid Dicarboxylic acid 0,001 0,002 1.66(1.25-2.24) - - - 

Malonic acid Dicarboxylic acid 0,010 0,028 1.50(1.11-2.05) - - - 

Oxalic acid* Dicarboxylic acid 0,000 0,000 2.99(2.08-4.48) 0,003 0,027 1.64(1.20-2.30) 

Eicosapentaenoic acid Fatty acid 0,003 0,011 0.64(0.47-0.86) - - - 

Octadecanoic acid Fatty acid 0,008 0,025 1.45(1.10-1.93) - - - 

Lactate Hydroxy acid 0,002 0,007 1.59(1.20-2.14) - - - 

2-Hydroxybutyric acid* Hydroxybutyric acid 0,000 0,000 3.72(2.19-6.89) - - - 

3-Hydroxybutyric acid Hydroxybutyric acid 0,000 0,000 2.17(1.53-3.22) - - - 

α-ketoglutaric acid Keto acid 0,000 0,000 1.90(1.41-2.63) - - - 

3-Methyl-2-oxopentanoic acid* Keto acid (metabolite of isoleucine) 0,000 0,000 2.20(1.61-3.08) - - - 

Ketoleucine Keto acid (metabolite of leucine) 0,001 0,004 1.66(1.24-2.26) - - - 

1,5-Anhydro glucitol Monosaccharide 0,015 0,038 0.70(0.53-0.93) - - - 

Arabinose Monosaccharide - - - 0,008 0,049 1.57(1.14-2.22) 

Fructose Monosaccharide 0,000 0,000 2.11(1.53-2.98) - - - 

Galactose* Monosaccharide 0,000 0,000 2.54(1.74-3.87) 0,000 0,006 1.91(1.36-2.76) 

Glucaric acid-1,4-lactone* Monosaccharide 0,000 0,000 5.40(3.33-9.25) 0,007 0,049 1.80(1.192-2.82) 

Mannose* Monosaccharide 0,000 0,000 4.40(2.81-7.30) 0,000 0,003 2.07(1.46-3.03) 

Inosine Nucleoside 0,008 0,025 1.69(1.18-2.59) 0,004 0,035 2.56(1.46-5.30) 

cis-Aconitic acid Organic acid 0,014 0,036 1.48(1.10-2.05) - - - 

Uric acid* Purine 0,000 0,000 3.44(2.34-5.29) 0,002 0,019 1.68(1.23-2.35) 

Cholesterol Sterol - - - 0,001 0,013 0.58(0.42-0.80) 

Galacticol* Sugar alcohol 0,000 0,000 8.72(5.00-16.60) 0,000 0,003 2.10(1.49-3.07) 

Sorbitol* Sugar alcohol 0,000 0,000 13.58(7.13-28.70) 0,000 0,000 2.98(1.98-4.72) 

Glucose-6-phosphate Sugar phosphate 0,018 0,043 0.70(0.51-0.93) - - - 

ɣ-Tocopherol Tocopherol 0,020 0,047 1.44(1.07-1.99) - - - 

α-Tocopherol (MRM) Tocopherol 0,000 0,000 0.34(0.23-0.49) - - - 

Tyrosine Tyrosine 0,000 0,000 1.87(1.39-2.56) - - - 

*Metabolites used for prediction of development of type 2 diabetes
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Prediction of Type 2 diabetes using metabolomics 

From the tested models the NB+AdM model, combining adiponectin (AdM) and potential dietary 

and nutrient biomarkers (NB) models had the highest selectivity and sensitivity (AROC=0.85[0.81-

0.90]) followed by model AdM+M combining adiponectin (AdM) and metabolomics model (MM) 

(AROC=0.81[0.75-0.87]) and adiponectin model (AdM) (AROC=0.79[0.74-0.85]) (Table 7)(Figure 

7). The potential dietary and nutrition biomarkers model (NB) alone provided a sensitivity and 

selectivity (AROC=0.72[0.66-0.78]) that was higher than that of metabolomics model (MM) 

(AROC=0.66[0.57-0.74]). Anthropometry model (AM) (AROC=0.64[0.56-0.71]) and optimized 

metabolomics model (AROC=0.66[0.58-0.73]) performed similarly to the MM model. 

Furthermore, the addition of baseline values of IFG and IGT to the optimized metabolomics model 

further increased sensitivity and selectivity over the optimized metabolomics model only 

(AROC=0.78[0.71-0.84]).  

Figure 7. AROC (AROC(95% CI)) for predicting incident T2D during the 5.5 year follow up including 

a) smoking, alcohol consumption, waist circumference, systolic blood pressure and heredity, b) 

potential dietary and nutrient biomarkers, c) serum adiponectin concentration, HOMA-IR, smoking 

and IGT and IFG at baseline and d) a combination of b and c, as variables in the model. 

a 

c 

b 

d 
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DISCUSSION 

Simultaneous acquisition of targeted and untargeted 

metabolomics data  

Spectral Features in Untargeted Data 

Overall the method development was successful and provided necessary sensitivity to cover 

biological concentration ranges of the targeted MRM analytes, comparable number of detected 

features to that of earlier published methods and sufficient reproducibility of both targeted and 

untargeted data. The number of spectral features detected with an untargeted metabolomics 

method has in many times been used as an indicator for the goodness of the method (195) and 

our findings on the number of detected spectral features using different reproducibility thresholds 

are comparable to that of earlier reported for GC-MS metabolomics using TOF instruments (15). 

For providing a more realistic and comparable picture on the number of spectral features it is 

necessary to take data processing method into account as the results are affected strongly by 

these parameters. For example, in our development the number of features was reduced from 

2979 to 1054 with an application of a minimum intensity filter. Furthermore, the application of a 

reproducibility threshold filtering for controlling both intra- and inter batch variation, based on 

guidelines such as FDA guideline for biological method validation (62) is necessary for only 

including the features that can provide meaningful results without excess analytical variation, 

which can be of special importance in untargeted metabolomics that is often followed by resource 

demanding identification of unknowns (196). 

Data Collection Rate 

In metabolomics studies data collection rate affects reproducibility via inconsistent peak shape if 

insufficient data collection rates are used. As a rule of thumb data collection rate should be high 

enough for providing at least 10 data points per peak. In this method development, the data 

collection rate was determined by the loop time consisting of both the time used in acquisition of 

the untargeted scanning data and the time measuring the multiple MRMs (Figure 8). After 

optimisation of the time spent measuring scan and MRM data a loop time of 120 ms was used in 

the final method providing a data collection rate of 8.22 Hz which equals to 10 data points covering 

1.22 s, which provides sufficient data points for most GC peaks in this method. The data collection 

rate is lower than 20-30 Hz what has been used in reported methods based on TOF instruments 

(15,16,183) although some TOF methods have also reported lower acquisition rates of 1-3 Hz 

(19,20,23). However, the use of data filtering based on reproducibility threshold removes peaks 

with greater analytical variation and, thus, the remaining features present good, usable data for 

further data analyses.  
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Figure 8. The concept of simultaneous acquisition of non-targeted full scan data and targeted 

quantitative data using multiple reaction monitoring (Paper I).  

Linearity and Limits of Detection 

Assessment of linearity was done both by using standard solutions and by using different volumes 

of plasma in the sample preparation for mimicking concentration changes. Furthermore, for 

linearity in plasma matrix, we used both MRM and scanning data for linearity assessment. As 

expected the overall best linearity was obtained from the MRM data measured from standards 

followed by MRM measurement of plasma and full scan measurement of plasma. Further testing 

of LOD by using MRM and scanning data supported these findings as the LOD values for MRM data 

acquisition were in general lower than for scan data acquisition. In the plasma matrix both - and 

-tocopherol had inverse U shape calibration curves with reduced responses when higher plasma 

volumes were used. A likely reason for this observation is an interfering compound in the plasma 

matrix as this phenomenon was only observed in connection with the two tocopherols and there 

is a 10-fold difference in biological concentration of these (197-199). Another possible explanation 

is a limited dynamic range of fast scanning quadrupole GC-MS (30), though the concentration 

range tested for the two tocopherols was not especially wide. The added mass separation 

dimension when utilising MRM data acquisition provides a more selective detection of the target 

molecules by removing interfering molecules during the precursor selection – collision induced 

dissociation – product ion selection cycle in comparison to full scan data acquisition where all the 

ions within the acquisition mass range are being transferred to the detector. This was seen as an 

overall improved performance of the targeted MRM part of the method over the untargeted 

scanning part of the method. However, data processing methods can significantly affect this 

comparison and an optimal comparison taking all variables into consideration is hard to establish. 
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Precision and Accuracy 

Precision of the method was assessed both within and between batches for providing a realistic 

picture on how reliable data the method produces in real life analysis conditions. From the two 

types of variations within batch precision gives a figure on how well the analytical method is 

performing for analysing one batch of samples and between batch precision describes how well 

the measured analytes can be detected over a longer time period. Both within and between batch 

variation were acceptable for all metabolites (<20 %), except for tryptophan, dimethylarginine and 

-tocopherol having higher between batch variation. Dimethylarginine and -tocopherol are 

present at blood plasma at lower concentrations than most of the other metabolites (low µmol-

nmol/L range) (197-199) which likely contributes to the higher between batch variation. 

Tryptophan, on the other hand, is relatively abundant in plasma (197-199) but its stability is a 

known issue in GC-MS analysis (200). Accuracy based on measurement of National Institute of 

Standards and Technology (NIST) reference plasma and comparison to reported reference values 

was in most cases good except for serine, histidine and -tocopherol. However, as precision for 

these molecules was good, accurate estimation, although not often needed in metabolomics 

studies, could be achieved with application of a correction factor.  

What does the new GC-MS/MS metabolomics method add to the field? 

The new GC-MS/MS method developed as part of this thesis demonstrates the utility of combined 

collection of targeted quantitative and untargeted qualitative data increasing the limits of what 

can be achieved with one analytical injection. The method can also be adapted and expanded by 

adding more targeted analytes into the method to fit the sample set at hand. As for all methods, 

there are also several limitations with this way of acquiring metabolomics data. While it was clear 

that MRM acquisition improves sensitivity of the detection, the utility of MRM is limited by EI 

fragmentation that in most cases does not produce high intensity molecular ions necessary for 

very sensitive MRM. Previous metabolomics methods utilising GC-MS/MS (14,201,202) have only 

used a targeted metabolomics approach and use chemical ionization (CI) that, as a softer 

ionization technique, provides stronger molecular ions that can improve sensitivity of the method. 

Virtually all the large spectral libraries for GC-MS have been constructer using EI limiting usability 

of CI in untargeted metabolomics. In addition to CI, APCI in combination with a HRMS has been 

used for metabolite profiling (19,20) enabling metabolite identification with the combination of 

accurate mass information of the molecular ions and fragmentation information when 

instruments with collision cell are used. However, the utilisation of multiple MRM acquisition with 

modern fast GC-MS/MS instrument makes it possible, in theory, to measure thousands of 

molecules simultaneously in one chromatographic run. The application of such a multiMRM 

method would further break the barriers of untargeted and targeted metabolomics as in principle 

all the known detectable molecules from a sample type previously detected using untargeted 

metabolomics could be converted into MRMs and used in a ‘targeted’ metabolomics method that 

would be much larger in scale than current methods. However this would still exclude the 

possibility of detection of novel molecules in studies where this is likely, returning to the need to 

choose the most appropriate method(s) for each study. 
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While the data collection rate was sufficient for peaks slightly wider than 1s, narrower peaks of 

for example 0.5 s are not reliably detected with the current method due to insufficient data 

collection rate. Faster scan speeds exceeding 10 000 Da/s led to reduced number of spectral 

features in the scanning data and, thus, the current loop time is a compromise between providing 

sufficient time for MRM and for scan data collection. A two-dimensional GC-MS metabolomics 

method utilizing similar fast scanning quadrupole instrument than in the current development has 

demonstrated the use of 20 000 Da/s scan speeds in metabolomics analysis (30) encouraging 

further exploration of applicability of even faster scan rates in other applications. Further, the 

added resolution of the second chromatographic dimension in 2D-GC-MS aids in resolving co-

eluting molecules (203) though the usability 2D-GC-MS/MS approach in metabolomics use has not 

been yet evaluated. Additionally our results clearly demonstrate that more isotopically labelled 

internal standards could substantially improve precision. Here, the possibility of using labelled 

derivatization reagents for generating labelled internal standard counterparts for virtually to all 

molecules present in the sample is tempting as demonstrated before with a limited set of 

molecules (14,202,204).  

The division of metabolomics methods into ‘targeted’ and ‘untargeted’ can be a limiting factor for 

researchers using metabolomics, as both cost and sample availability often limits what can be 

analysed. If a researcher chooses to analyse known biomarkers relevant to the research question, 

they remove the possibility of new findings from their samples, but will have data that can be 

easily compared with previous literature. If they choose targeted metabolomics analysis, they will 

limit their findings to those compound classes covered by the targeted metabolomics method, but 

will also have quantitative or semi-quantitative data that can be compared with previous 

literature. If they choose an untargeted metabolomics method, they will have the potential to see 

the widest range of new findings from their data, but will lose sensitivity compared to targeted 

methods, and may have difficulty in making direct comparisons with past literature due to 

untargeted metabolomics not being quantitative. Because of these differences in what can be 

obtained from different types of metabolomics, drawing conclusions based on several published 

studies is not straightforward due to difficulties in comparing data between studies. Therefore, 

verification of metabolomics results using appropriate quantitative measures is of importance for 

making across studies comparisons possible. Our novel GC-MS/MS simultaneous targeted and 

untargeted method is a step towards getting the best of both worlds, which can add value for 

researchers looking to get the most from one sample injection, though the general problems of 

comparability with different methods still remain. 
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Different effects of meat and fish diet on metabolism as 

determined by GC-MS metabolomics  

Of the eighteen metabolites that differed between the herring and chicken/pork diets, many were 

involved in either the tricarboxylic acid cycle or the urea cycle, the first being a major pathway for 

energy metabolism and for providing building blocks for biosynthesis of both amino acids and 

lipids, while the latter is primarily involved in converting ammonia from amino acid metabolism 

to urea. TCA cycle intermediates that were detected by the GC-MS method were higher after the 

chicken and pork intervention, while urea cycle metabolites were higher after the herring diet. 

Agmatine and ornithine, both metabolites of the amino acid arginine, responded differently to the 

two diets – the former being relatively higher after the chicken and pork diet, and the latter higher 

after the herring diet, suggesting that the two diets differ in their effect on arginine metabolism. 

As arginine is also a precursor to nitric oxide, an important cellular regulator (205), we 

hypothesised that nitric oxide would be different between the two diets. Analysis of nitric oxide 

found that the herring diet increased concentrations in men, but not women, in part supporting 

the metabolomics results. One uncertainty in this analysis is that the GC-MS method used leads 

to partial conversion of arginine to ornithine, potentially confounding interpretation of this result. 

Amino acids were analysed using LC-MS, with results that were in part inconsistent with the GC-

MS results. This inconsistency may stem from a difference in sample preparation and that the 

samples for GC-MS and LC-MS were prepared and analysed nearly two years apart, which may 

have given time for partial degradation of the sample. The overall consistency of the GC-MS 

metabolomics results between the two pathways suggests that these findings are not random, 

though further work is needed to confirm the findings and to understand what component or 

factor in the two different diets led to these different results. The only other study to investigate 

the longer-term effects of eating fish and meat on metabolism found that urinary excretion of 

several metabolites related to mitochondrial energy production was lower after eating lean fish 

instead of meat (91), supporting an effect of replacing meat with fish on overall energy 

metabolism. 

Earlier work on samples from this study found that concentrations of the n-3 fatty acids EPA and 

DHA were increased after the herring diet, but not after the chicken/pork diet (184), confirming 

the often repeated observation that fatty fish increase n-3 fatty acids in plasma. In Paper II we 

found that methylhistidine, either a metabolite of anserine (1-methylhistidine) or a product of 

protein breakdown (3-methylhistidine) was elevated after the chicken and pork diet compared to 

the herring diet. Previously urinary methylhistidine was proposed as a marker for meat intake 

(206), and our finding is the first that we are aware of to demonstrate that plasma concentrations 

of methylhistidine may also be useful as a marker of chicken and pork intake. Recently plasma 3-

methylhistidine was found to be increased after a chicken meal, but relatively unchanged after 

red meat or processed meat (89), suggesting that the rise in methylhistidine is more likely due to 

the chicken in the chicken/pork diet. These results from a small dietary intervention study support 

the ability of the GC-MS/MS method, in this case only utilising the full scan data, to be applied to 

intervention studies to identify metabolic mechanisms. 
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Associations of potential dietary and nutrient biomarkers with 

glucose tolerance status and development of type 2 diabetes 

-alanine and 3-carboxy-4-methyl-5-propyl-2-furanopropanoic acid 

(CMPF) 

The metabolites -alanine was positively associated with diabetes classification suggesting that a 

greater circulating β-alanine is related to T2D. The concentration of -alanine is higher in meat as 

it is in other common protein sources including fish and chicken and recently it was found that 

circulating levels β-alanine markedly increased after a beef-based meal, but not after a herring-

based meal (92). β-alanine is also a breakdown product of carnosine which is a vital molecule for 

normal muscle function and, thus, β-alanine can also be used as a supplement to improve physical 

capacity by increasing its carnosine content (207,208).  

The furan fatty acid metabolite CMPF, previously associated with fish intake (42) was positively 

associated with GTS and inversely with odds of T2D. The positive association with GTS suggest a 

loss of glucose control in the subjects having higher circulating concentrations of CMPF. This is in 

line with recent results suggesting increased circulating levels of CMPF to lead to the loss of 

glucose control via causing -cell dysfunction (126). Also, as in our study, elevated baseline 

concentrations of CMPF have been recently found in subjects developing diabetes in a prospective 

study (127). On the other hand, the major dietary source of CMPF is fatty fish and circulating levels 

of CMPF can be used to distinguish high and low fish consumers (42). In the same population 

including men and women with characteristics of metabolic syndrome and IGT, associations 

between IGT and CMPF were not found (128). Furthermore, our finding of inverse associations 

between CMPF and glucose tolerance group suggest that increased levels of CMPF are not 

necessarily indicative of T2D risk. Although these results seem to point in different directions, it 

could also be an indication that CMPF as a marker could indicate two separate situations 

depending on the population; as a possible biomarker of fish intake, suggesting healthier dietary 

choices being protective against T2D, and in populations with low fish intake, as an indicator of  -

cell dysfunction leading to greater risk of T2D. 

Fatty acids 

Of the 3 fatty acids associated with GTS, EPA and linoleic acid are both food derived 

polyunsaturated fatty acids (PUFAs), major dietary sources for these fatty acids being fatty fish for 

EPA and vegetable oils, seeds and nuts for linoleic acid, all of which are reflecting a balanced and 

healthy diet. EPA is an n-3 PUFA found in fatty fish and recommended for improved 

cardiometabolic health (209) while linoleic acid has been suggested to have adverse health effects 

(210-212). In the current study, we found both EPA and linoleic acid to be negatively associated 

with glucose tolerance status pointing towards increased proportion of these fatty acids in the 

diet being protective against impaired glucose tolerance and T2D. Oleic acid is a monounsaturated 

fatty acid present in both animal and plant derived foods, olive and rapeseed oil being especially 
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rich in it (213). In type 2 diabetic men, diet rich in oleic acid has been shown to yield lower fasting 

glucose and insulin levels as well as lower plasma cholesterol and LDL in comparison to diet rich 

in linoleic acid (214). As with EPA and linoleic acid, we found negative association between oleic 

acid and glucose tolerance suggesting, similarly to EPA and linoleic acid, a positive effect of higher 

proportion of oleic acid containing foods in diet.  

Alkylresorcinols 

Alkylresorcinols are strongly associated with whole grain wheat and rye intake in several studies 

(159,165,173) and two of the homologues, C17:0 and C19:0, were inversely associated with GTS 

supporting the status of whole grains in healthy nutrition. Previously, associations between total 

circulating concentrations of alkylresorcinols and T2D were not found, and rather the ratio of 

C17:0 and C21:0 homologues, depicting a diet rich in rye, was inversely associated with future T2D 

(215), fasting insulin concentration (169) and positively associated with insulin sensitivity (169). 

Also, alkylresorcinols have been found to improve insulin sensitivity in rats (216) though no direct 

studies for effects in humans have been undertaken and the results presented here are the first 

describing associations between circulating alkylresorcinols and GTS. In this metabolomics 

method, AR homologues C21:0 and above are difficult to detect in plasma, even if they are often 

present in higher concentrations than C17:0 and C19:0 (217), likely due to the generic extraction 

method used, which is not optimal for highly lipophilic compounds.  

-tocopherol 

Circulating tocopherols have been associated with either intake of foods rich in tocopherols or 

with supplementation with tocopherols, though the association are stronger when 

supplementation is taken into account (218) and recently correlations between -tocopherol 

intake and circulating concentrations were found using metabolomics (219). The positive 

association of -tocopherol both with GTS and development of T2D suggests a positive effect of 

vitamin E in relation to glucose metabolism and a protective effect against development T2D. A 

major dietary source of -tocopherol in this population in sunflower and olive oils, which are also 

part of the local dietary guidelines (220). In the cohort used in this study consisting of older women 

supplementation has to also be taken into account as a possible confounder. The body of 

literature suggesting possible protective effect of vitamin E intake and supplementation against 

T2D complications is not conclusive (221-225) and it has been suggested that a modest 

supplementation does not protect against the disease (221,226). As the finding that circulating α-

tocopherol was negatively associated with GTS and T2D, further study should be undertaken to 

investigate whether supplementation, diet, or other factors explain this finding in this population.  

What could dietary biomarkers explain in relation to type 2 diabetes? 

Eight of the ten measured biomarkers were associated with GTS and 2 with odds of developing 

T2D. The associations were generally robust and not attenuated by common risk factors of CVD 

and T2D including obesity suggesting that these food components may have a direct association 
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with the disease not mediated by obesity or other related variables. Overall the results suggest 

that a diet rich in whole grains, fatty fish and vegetable oils is associated with a healthier GTS 

whereas higher consumption of meat is associated with worse GTS – matching healthy diet 

guidelines of American Diabetes Association (227) and Nordic Nutrition Recommendations (220). 

A limitation of the current study is the lack of dietary intake data in the cohort which makes cross-

comparison of the biomarker data with the intake data impossible and limits the discovery of 

associations between GTS and diet to the selection of the potential biomarkers measured by the 

metabolomics method. Notwithstanding the biomarker panel measured in Paper V captures some 

important aspects of healthy nutrition such as whole grain and fish intake and vitamin E status. 

However, the use of biomarkers is, however, not without controversy as the concentration of 

several of the biomarkers can be impacted by endogenous metabolism, further complicating the 

association between the biomarkers and GTS. An example of this is the endogenous production 

of EPA and docosahexaenoic acid (DHA) from -linolenic acid with a conversion rate in males 0.5 

% and 5 % respectively (228) although a mechanism for increased production of EPA and DHA -

linolenic acid seems to exist as when the need for these is high, such as in pregnancy, the 

production capacity can increase (229). Thus, the underlying metabolism of the biomarkers can 

affect the robustness of the biomarker likely not affecting population level generalisation, but 

limiting their use at individual level if the effect of metabolism and potential endogenous 

production rate is not known. These limitations are well known, although more research is 

required to accurately describe them so that they can be accounted for in future dietary biomarker 

research, as no dietary biomarker will be entirely free of this type of confounding. Not all potential 

dietary biomarkers measurable with the GC-MS/MS method were associated with any effects on 

T2D diabetes. Methylhistidine, associated with greater intake of chicken and pork (Paper II), and 

likely associated with chicken intake (89) was not found to differ between any of the glucose 

tolerance groups. In this context it would suggest that chicken has no effect on GTS in this 

population. This study is the first to use potential dietary biomarkers to estimate the influence of 

diet on disease without using dietary intake data, which is on one hand a major limitation, though 

also represents a tentative step forward where the relationship between diet and disease is not 

necessarily dependent on subjective measures of dietary intake. 

Although to date only a few potential dietary and nutrient biomarkers have been extensively 

validated, there are many candidates that can be detected in plasma. In the development of our 

GC-MS/MS method, we selected several of these that we knew to be detectable using GC-MS for 

specific detection using MRM and SIM, including alkylresorcinols C17:0 and C19:0, CMPF, -

alanine and the two E vitamers - and -tocopherol. In addition the data processing method used 

in the work presented in this thesis also detected several other compounds that have been 

associated with foods or dietary intake, including methylhistidine, EPA and oleic, linoleic and lauric 

acid. These were identified based on a combination of mass spectral matching and retention 

index. Not all potential diet and nutrient biomarker compounds of potential interest were 

included, in part because several such as proline betaine and carotenoids were not compatible 

with the used analysis method, and in part because the goal was to develop a metabolomics 

method rather than a method that would specifically target diet and nutrient biomarkers. To our 
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surprise many of the compounds detected by the method were strongly associated with glucose 

tolerance in the DIWA cohort underlining the perhaps underrated potential of using dietary and 

nutrient biomarkers in this type of observational trial and the use of metabolomics to detect 

potential food and diet related biomarkers in studies where dietary intake data is missing. 

Prediction of future Type 2 diabetes using metabolomics 

Sensitivity and selectivity 

Based on the results presented in this thesis prediction of the development of T2D within the 5.5 

year follow-up period with reasonable sensitivity and specificity is possible using different 

prediction models. In general, the addition of metabolomics over established predictors of T2D 

improved the prediction. Setting the anthropometric model as a reference, the highest increase 

in AROC (+33.7 %) was achieved with the model combining the potential dietary and nutrient 

biomarkers with the adiponectin model followed by the model combining adiponectin and 

metabolomics (+26.6 % in AROC) closely followed by the adiponectin model (+ 24.5 % in AROC). 

The metabolomics model gave similar prediction than the reference model with 3.0 % increase in 

AROC and the addition of the preconditions of the disease, IFG and IGT, into the optimized 

metabolomics model improved the prediction yielding a 21.6 % increase in AROC in comparison 

to the reference model and similar AROC to the adiponectin model. The biomarkers alone 

increased the AROC by 13.5 % in comparison to the reference model. The AROC values found in 

this research compare well to previous studies utilizing prospective data and metabolomics where 

AROC values have ranged between 0.52 and 0.91 depending on the cohort and the variables used 

for prediction (Table 1). 

Can metabolomics improve on existing measures of type 2 diabetes risk? 

In this cohort of older Swedish women, the prediabetic states, IFG and IGT, were among the 

strongest predictors of incident T2D, in line with the literature that links pre-diabetes with a strong 

risk of developing T2D (102). The addition IFG and IGT into the optimised metabolomics models 

increased the strength of prediction, while their removal from the previously established 

adiponectin-based predictive model decreased AROC-based prediction. This is not surprising as 

IFG and IGT are directly related to circulating glucose concentrations that are the main diagnostic 

tools of T2D making them by their nature predictive for T2D. Diagnosis of T2D is complicated by 

the application of a binary diagnosis to a disease that exists along a continuum of increasing 

glucose tolerance. Thus prediction of glucose tolerance based on three discrete groups may not 

be ideal for developing a predictive marker. Similarly in this cohort, there is likely to be some 

confounding in the T2D group based on those who made lifestyle changes because of the T2D 

diagnosis at baseline. These factors could make finding the perfect universal biomarker for T2D 

difficult, and potentially impossible. Recent work on the concept of personalised nutrition found 

that individuals had widely varying predictors of blood glucose response, based on differences in 

gut microbiota, anthropometry and disease risk biomarkers in blood (230), supporting the idea 

that a perfect universal predictor of T2D may be unobtainable. Lower circulating levels of 
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adiponectin have been frequently associated with future T2D (231) and its use in prediction of the 

disease in the cohort used in this thesis has also been exploited before (110). Unlike IFG and IGT, 

that are based on cut-off values of fasting and 2h-glucose concentrations, adiponectin is a 

hormone that improves insulin sensitivity in muscle and liver (232). It is synthetized in adipocytes 

and its synthesis is decreased in obesity (231) and so has a logical connection with T2D 

development. The effectiveness of food intake and nutrient status biomarkers in prediction of T2D 

is interesting as they present a group of molecules not directly related to the molecular 

development of the disease and in this cohort were not confounded by other risk factors of T2D, 

instead reflecting a part of the subject’s lifestyle. Diet is one of the important modifiable lifestyle 

factors that can be used for prevention of T2D (233). Consumption of whole grains, fruits, 

vegetables, legumes, and nuts, moderate in alcohol consumption and lower in refined grains, red 

or processed meats, and sugar-sweetened beverages have been linked to reduced risk of diabetes 

(234) and are part of recommendations of American Diabetes association (227) and Nordic 

Nutrition Recommendations (220). The results presented in this thesis support these guidelines. 

The cohort used for this study was relatively homogenous as all subjects were women of the same 

age and from the same city, although there were socioeconomic differences. Thus, the prediction 

models are expected to work well in this specific population and generalization of these results 

into the general population is limited. Also, the cohort overlooks any possible new T2D cases after 

the single 5.5 year follow-up examination that a second follow-up examination would capture. As 

for the cohort, the method used for metabolomics analyses needs to be considered in relation to 

the discovered biomarkers as different approaches will lead to a different discovered set of 

candidate biomarkers and to different prediction. Of the previous work using metabolomics for 

T2D (Table 1), all except one have used targeted metabolomics methods and targeting similar 

metabolite pools, limiting their ability to find new biomarker associations. The simultaneous 

targeted and untargeted GC-MS/MS method used in this thesis made it possible to detect a wider 

range of compound classes, though targeted methods can provide excellent coverage of certain 

molecule classes. Needless to say that the use of untargeted LC-MS metabolomics would lead to 

higher number of likely less precise candidate biomarkers whereas the use of 2D-GC-MS would 

likely offer the best selectivity for a number of small molecules of the available methods. Overall, 

the use of several metabolomics methods in the same cohort would allow for wider screen of 

candidate biomarkers than any single method and should thus be encouraged. 

One goal of discovering new predictive markers of T2D is to screen and discover people at risk of 

T2D early enough for them to make lifestyle changes to prevent progression to T2D. The 

traditional diagnostic tools of T2D, insulin and OGTT, are not surprisingly among the strongest 

predictors of future T2D but it can be argued that other tools, such as tests derived from 

metabolomics, might be better suited for population-wide screening as prediction based on a 

single fasting blood sample is less of a burden for the patient and saves valuable time at healthcare 

clinics. An additional advantage of metabolomics if used in population screening, is that it could 

detect risk of other diseases risks as well as T2D with the use of the same sample and method. On 

the other hand, as the existing predictors offer sufficient detection of the subjects at risk, finding 

new tools for prediction of T2D is less of an issue than their effective establishment in the health 
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care systems globally. Therefore, the question to ask is what is sufficient level of certainty in the 

detection of subjects at risk of developing T2D and perhaps more crucially, and well beyond the 

remit of this thesis, how do we motivate these subjects to make the lifestyle changes needed to 

reverse the development of T2D? If metabolomics is to be increasingly used in T2D prevention 

priority needs to be given to testing of the current metabolomics findings in the literature in the 

available prospective cohorts for achieving a consensus on the effectiveness of these in the 

general population. 
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CONCLUSIONS 

 

 

• A rapid metabolomics method for simultaneous acquisition of targeted 

quantitative and untargeted qualitative data utilizing a fast scanning GC-MS/MS 

instrument was developed and evaluated, and found to have good performance 

characteristics. 

 

• In samples from a human dietary intervention study, the method was able to 

determine novel differences in the metabolic effects of herring diet compared to 

chicken and pork diet, suggesting that the interface between the TCA and urea 

cycles is metabolically sensitive to changes in dietary protein source, and may 

have downstream effects on nitric oxide production. 

 

• Diet, as seen by a panel of potential dietary and nutrient biomarkers, was 

associated with both glucose tolerance status and development of type 2 

diabetes, independent of common risk factors for cardiovascular diseases and 

type 2 diabetes, including obesity. The result supports current dietary guidelines 

for prevention of type 2 diabetes. 

 

• The use of multiple potential dietary biomarkers as an objective tool for 

estimating dietary intake seems promising and likely can capture elements of 

nutrition important for human health. 

 

• Prediction of development of type 2 diabetes using GC-MS/MS metabolomics 

was possible with similar or improved prediction in comparison to established 

predictors of type 2 diabetes. Prediction based on metabolomics in combination 

with other predictors of type 2 diabetes yielded comparable sensitivity and 

selectivity to previously published prediction models utilising metabolomics. 
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FUTURE RESEARCH 
 

• Further expansion of the method presented in this thesis with the addition of 

targeted MRM analytes should be done. Evaluation of normalisation methods for 

improving precision by using more labelled internal standards or labelled biomass 

should be tested.  

 

• Increasing use of metabolomics in large cohort studies can expand the potential 

to link lifestyle, disease mechanisms and health outcomes. For this to become 

widely feasible, robust, most preferably quantitative metabolomics methods 

suitable for large scale studies are needed. Further application of methods 

allowing review of metabolites in a single-cell will consequently lead to improved 

understanding of cellular mechanisms. 

 

• Large cohorts and intervention studies with food intake data in different 

populations are needed for both discovery and validation of potential dietary 

biomarkers. A natural continuum of the discovery work to validation work should 

be established for evaluating the selectivity and sensitivity of the biomarkers, 

possible quantitative relationship between intake of the food item and the 

biomarker as well as usability of the biomarker in epidemiological use. 

 

• The use of dietary biomarkers together with food intake data in nutritional 

epidemiology should be encouraged for overcoming some of the limitations of 

more traditional methods of dietary intake assessment.  

 

• The integration of dietary biomarkers into metabolomics is a promising approach 

to understand the relationship between diet and molecular mechanisms, 

especially in cases where no dietary data is available. Further work should test 

this approach in cohorts where dietary data is available to confirm a relationship 

between diet and the biomarkers measured using this GC-MS/MS method, and 

look to develop a separate method focused on multiple dietary biomarkers.  

 

• The predictive ability of the array of predictive metabolites of type 2 diabetes 

reported in the literature including the metabolites listed in this thesis should be 

evaluated using available prospective cohorts.  
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