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Abstract
The ‘classical’ distribution of type 2 diabetes (T2D) across the globe is rapidly changing and it is no longer predominantly a disease of middle-aged/elderly adults of western countries, but it is becoming more common through Asia and the Middle East, as well as increasingly found in younger individuals. This global altered incidence of T2D is most likely associated with the spread of western diets and sedentary lifestyles, although there is still much debate as to whether the increased incidence rates are due to an overconsumption of fats, sugars or more generally high-calorie foods.  In this context, understanding the interactions between genes of risk and diet and how they influence the incidence of T2D will help define the causative pathways of the disease. This review focuses on the use of metabolomics in large cohort studies to follow the incidence of type 2 diabetes in different populations. Such approaches have been used to identify new biomarkers of pre-diabetes, such as branch chain amino acids, and associate metabolomic profiles with genes of known risk in T2D from large scale GWAS studies. As the field develops, there are also examples of meta-analysis across metabolomics cohort studies and cross-comparisons with different populations to allow us to understand how genes and diet contribute to disease risk. Such approaches demonstrate that insulin resistance and T2D have far reaching metabolic effects beyond raised blood glucose and how the disease impacts systemic metabolism.

1. Introduction
1.1. Diabetes
[bookmark: OLE_LINK7][bookmark: OLE_LINK12][bookmark: OLE_LINK31]The incidences of type 2 diabetes (T2D) and other metabolic diseases are rising globally(Diabetes UK, 2016). While originally considered to be a disease of the developed world associated with over consumption of macronutrients, a recent increase in sufferers of T2D is now found in developing countries, with particularly high incidences in the Indian sub-continent and the Middle East (International Diabetes Federation, 2015). Prior to the development of T2D, many individuals suffer from insulin resistance (IR), a pre-diabetic state where the body responds weakly to the action of insulin necessitating raised insulin levels to maintain normal blood glucose levels after a meal. This state of insulin resistance is not sustainable long term, and when the pancreas can no longer maintain blood hyperinsulinemia, insulin levels can fall producing hyperglycaemia and subsequent T2D. A major risk factor for both T2D and insulin resistance is increased adiposity, and global increases in T2D track the global increase in obesity (Eckel et al., 2011).  One explanation for this increase in incidence of both T2D and obesity in the developing world is the ‘thrifty genotype’ of populations that have only relatively recently been exposed to high calorie-content diets (Neel et al., 1998). While this and also rare forms of T2D such as lipodystrophies and insulin receptoropathies demonstrate a genetic component of the disease(Parker et al., 2011), one of the major surprises from genome wide association studies is that the Single Nucleotide Polymorphism (SNPs) discovered to date only explain ~15% of the heritability of the disease(Ahlqvist et al., 2011).  Furthermore, disease is occurring in younger adults and indeed in children, showing that more than genetics are important in explaining the rise in incidence. Also, in populations that have moved from one geographical location to another the incoming cohorts soon have similar incidences of disease to those that are already present at that location, suggesting environment plays a major role in the determination of T2D. While BMI is a good predictor at the population level of relative risk it is less good at an individual basis further demonstrating the complexities of predicting relative risk especially for those that are “thin on the outside, fat on the inside”(Thomas et al., 2012).
[bookmark: OLE_LINK32][bookmark: OLE_LINK43][bookmark: OLE_LINK73][bookmark: OLE_LINK74]Diet is a major contributor to risk of developing metabolic diseases and there is much debate as to how much this is driven by the intake of saturated fats, free sugars or the over consumption of high calorie foods in general (Esposito et al., 2010; Forouhi et al., 2014; Lean and Te Morenga, 2016; Sanders, 2016). To tease apart all these complex interactions it would be useful to have an analytical approach that can both measure the downstream consequences of the genome and understand how this is influenced by diet. This is being addressed in part by large scale metabolomics studies of biofluids. The approaches are relatively cheap on a per sample basis, rapid and ideal for examining biofluids that can be collected in a minimally non-invasive manner. This review examines how metabolomics is teasing apart the interactions of the genome with the exposome, i.e. the combination of environment and lifestyle (Wild, 2012, 2005), to help us understand the causes and consequences of the rising burden of T2D. 

1.2. Metabolomics
Metabolomics aims to measure all the small molecules (metabolites which can be both endogenous and xenobiotic in nature) in biofluids, cells, tissues or organs, with various analytical techniques used to cover as many classes of metabolites as possible. The resulting metabolome can be used as the final outcome of a living system and hence has often been described as providing a phenome for the organism. In this manner metabolomics can be considered a systemic approach to metabolism (Kell and Goodacre, 2014) that can yield the identification of biomarkers to be used in clinics for early diagnosis or even prediction of a disease by monitoring the changing phenotype of a person. Furthermore, this approach could be vital in the study of pathologies which cannot be linked to genetic factors, but depend on the exposome (Wild, 2012, 2005), with the metabolome being shown to directly and dynamically respond to changes in the exposome (Athersuch, 2016).
Given the complexity of the human metabolome and the different experimental capabilities of the available analytical platforms, combination of both targeted and non-targeted approaches on multiple instruments should be used in order to obtain a comprehensive coverage of the metabolites present in samples (Dunn et al., 2005; Lu et al., 2013; Naz et al., 2014; Suhre, 2014). Both mass spectrometry coupled with chromatography (either gas or liquid) and nuclear magnetic resonance (NMR) spectroscopy have been widely used to profile disease pathologies (Adamski, 2016; Athersuch, 2016; Roberts et al., 2014). Despite their sensitivity for detecting a wide range of metabolites, these techniques are not free from limitations, and a standardised analytical protocol has to be followed in order to avoid misleading results. More generally, when performing large-scale metabolomics experiments, particular attention has to be devoted to the selection of participants, collection and storage of samples, experimental design and data processing in order to have unbiased results (Dunn et al., 2011).
One research area that is particularly tractable to metabolomics approaches is the metabolic syndrome and its associated pathologies. The metabolic syndrome is a collection of disorders including dyslipidaemia, increased body mass, increased blood pressure and increased blood glucose that are often associated with over nutrition and together dramatically increase an individual’s risk of developing insulin resistance, T2D, fatty liver disease and cardiovascular disease (Alberti and Zimmet, 1998). These diseases represent a complex interaction between the genome and the environment, and in particular diet (Vaag, 2014). Thus, technologies such as metabolomics that can better define an individual’s diet and their response to dietary intervention is particularly tractable in understanding these complex interactions.  A large number of studies have used metabolomics to study aspects of T2D to date, particularly in terms of following mouse models of the disease and small patient studies (see recent reviews (Gonzalez-Franquesa et al., 2016; Guasch-Ferré et al., 2016; Roberts et al., 2014; Sas et al., 2015)). In this review, we instead focus on large-scale studies and how advances in performing metabolomics in large cohorts is helping us to understand how the risk of developing T2D equates to disease at the population level.
1.3. Analytical techniques
There have been a number of technologies applied to the analysis of the metabolome at scale in human cohort studies (as summarised in Table 1). For convenience, they can be separated into those involving chromatography mass spectrometry and Nuclear Magnetic Resonance (NMR) Spectroscopy. We provide a brief overview of these techniques with particular reference to large scale human studies.
[bookmark: OLE_LINK6]Chromatography-mass spectrometry - In chromatography, the analytes are separated according to their chemical affinity for the stationary and mobile phases. The combination of chromatography with mass spectrometry adds to the separation of compounds in a complex mixture by discriminating both by mass (along with that of their fragment/adducts) and retention time, allowing for their identification. The two hyphenated techniques used in metabolomics are gas- and liquid-chromatography-mass spectrometry (GC-MS and LC-MS, respectively), where the mobile phases are respectively gas and liquid. Both techniques are highly sensitive and, if the experiments are performed correctly, allow for identification and quantitation of polar and lipophilic compounds present in a complex mixture. 
However, both techniques come with some limitations. Given the very nature of chromatography experiments, in which the samples interact with the analytical equipment, it is important to properly maintain the instrument and take into consideration the variations that come with time both in terms of retention time drift (due to changes in the column chemistry) and variation in detection of ions (as the mass spectrometer’s performance degrades) (Dunn et al., 2012, 2011). 

When a large number of samples are analysed, they often need to be divided into batches for practical purposes, but it is important that these batches are properly balanced in terms of the samples to be analysed so that the results coming from different blocks are comparable and can be integrated into a single data matrix for subsequent analysis (Begley et al., 2009; Zelena et al., 2009). An important role in this matter is played by quality control (QC) samples, which can be either a pool of all the samples to analyse, or a commercial and comparable pooled sample. QCs need to be used for four main reasons in such studies: 1. To condition the system before injection of the samples, 2. To calculate precision in each block, 3. To perform batch correction, and 4. To statistically validate the experimental setup throughout the analysis run (Athersuch, 2016; Demetrowitsch et al., 2015; Dunn et al., 2012, 2011; Gika et al., 2014; Kirwan et al., 2013; Naz et al., 2014; van der Kloet et al., 2009). Similarly, analytical replicates can be used to correct the batch effect and statistically evaluate the analytical performance (Kirwan et al., 2013; Rusilowicz et al., 2016). A comprehensive protocol to follow in GC/LC-MS based large-scale metabolomics studies was summarised by Dunn and co-workers (Dunn et al., 2011), providing guidance on all the steps to follow in a population study requiring many months (or even years) of analysis time. This protocol was recently applied to the comprehensive measurement of hydrophilic and lipophilic serum metabolomes of 1200 heathy individuals, with the aim to obtain a reference dataset for baseline concentration of metabolites in human serum (Dunn et al., 2015). The analyses were performed on three different analytical platforms (Ultra Performance Liquid Chromatography (UPLC) - MS in both positive and negative ion modes, and GC–MS) across 11 months in 10 batches of 120 subject each, with a standard pooled sample injected every 5 samples. Thanks to the application of appropriate quality control procedures it was possible to eliminate instrumental drift, “showing for the first time that a metabolome-wide study of large sample sets derived from the human population could be profiled reproducibly via chromatography-mass spectrometry platforms over a period of 11 months”.
[bookmark: OLE_LINK30][bookmark: OLE_LINK22]An alternative to chromatography-MS is represented by flow injection analysis (FIA) coupled with tandem mass spectrometry (MS/MS), in which the column is avoided and compounds are subjected to two (or more) steps of MS with a fragmentation step in between. In this technique, compounds can be identified based on their fragmentation pattern. Given the speed of this analytical approach, it is particularly useful in targeted large-case studies (Suhre et al., 2010).
NMR-based large-scale metabolomics – NMR spectroscopy is an analytical technique which exploits the quantum mechanical property of spin of certain nuclei to obtain information regarding the structure of the molecule containing the nuclei. When NMR-active nuclei are placed in a magnetic field and subjected to radiofrequency pulse, they resonate and release a measurable signal, which gives information regarding their environment (i.e. the surrounding atoms) and their concentration. Due to the high gyromagnetic ratio and a natural abundance near to 100%, the 1H is one of the most sensitive nuclei to the NMR effect and consequently 1H-NMR spectroscopy is widely used in the deconvolution of complex mixtures (Novoa-Carballal et al., 2011) and metabolomics (Emwas et al., 2013). One of the main characteristics of NMR is its quantitative nature, given by the fact that the intensity of a detected signal is directly proportional to the number of nuclei responsible for it, which is of fundamental importance in metabolomics (Barding et al., 2012; Simmler et al., 2014). Moreover, application of multidimensional NMR techniques allows for structure elucidation of compounds, making it the ideal tool for identification of unknown compounds. Further advantages of NMR spectroscopy compared to GC/LC-MS techniques reside mainly in the lack of direct interaction between the samples and the instrument, which result in: 1) high reproducibility, 2) direct comparison of spectra obtained in different batches/different instruments 3) no contaminants from solvents, and 4) non-destructive nature (Dumas et al., 2006). However, sensitivity is much lower than in mass spectrometry, hence larger quantities of samples are needed for an NMR experiment (Beckonert et al., 2007; Lindon and Nicholson, 2008).
Although highly reproducible, large-scale NMR metabolomics studies still need to be performed following a strict protocol in order to assure comparability between results obtained from different batches/laboratories (Bernini et al., 2011; Dona et al., 2014; Dumas et al., 2006; Emwas et al., 2013). As with chromatography techniques, it is still important to calibrate the instrument before each batch and randomise the samples before analysis. Moreover, despite the high reproducibility of NMR studies, some authors suggest the use of both blanks and pooled samples to assess the performance of the instrument and evaluate the presence of contaminants (Athersuch, 2016; Dona et al., 2014; Dumas et al., 2006). In particular, Dona and co-workers (Dona et al., 2014) suggest the use of two types of pooled samples: a classic QC containing a small aliquot of each sample, needed to estimate any possible intra-study variation, and a long-term-reference, containing the same kind of specimens included in the study, useful to evaluate inter-study variations.


2. Metabolomics, Cohorts & T2D
[bookmark: OLE_LINK60][bookmark: OLE_LINK66]One of the big challenges in diabetes research using metabolomics is ‘one size does not fit all’ for the coverage of the metabolome (Griffin and Vidal-Puig, 2008). No analytical technique can cover more than a fraction of the metabolome and so to have adequate coverage to understand the complexities of the network of metabolism, most researchers resort to either multiple chromatography/extraction techniques to simplify the matrix they are investigating and/or use multiple analytical detectors to maximise the coverage and dynamic range. This poses a particular issue for large cohort studies where it is simply impractical to profile samples through multiple analytical platforms. Thus, much thought has to go in prior to conducting a study into what is the most robust and appropriate technology to analyse the metabolome at scale. Despite these challenges, metabolomics in T2D has already discovered a number of important metabolites, as recently summarised in several reviews (Adamski, 2016; Gonzalez-Franquesa et al., 2016; Griffin and Vidal-Puig, 2008; Klein and Shearer, 2016; Markgraf et al., 2016; Pallares-Méndez et al., 2016; Roberts et al., 2014; Sas et al., 2015; Suhre, 2014). In this work we will review the metabolic changes that accompany pre-diabetes and T2D as revealed by metabolomics studies based on large human populations (>1000 people, summarised in Table 3), comprising individuals sampled across a range of cohorts (summarised in Table 2). 

[bookmark: OLE_LINK29][bookmark: OLE_LINK59][bookmark: OLE_LINK27][bookmark: OLE_LINK64][bookmark: OLE_LINK26][bookmark: OLE_LINK17][bookmark: OLE_LINK76][bookmark: OLE_LINK70][bookmark: OLE_LINK1][bookmark: OLE_LINK71][bookmark: OLE_LINK79][bookmark: OLE_LINK80][bookmark: OLE_LINK81][bookmark: OLE_LINK28][bookmark: OLE_LINK18][bookmark: OLE_LINK19][bookmark: OLE_LINK40][bookmark: OLE_LINK82][bookmark: OLE_LINK83][bookmark: OLE_LINK2][bookmark: OLE_LINK3][bookmark: OLE_LINK10][bookmark: OLE_LINK84][bookmark: OLE_LINK20]The Framingham Heart Study (FHS) is a long-term cardiovascular cohort study that started in 1948 in the city of Framingham, Massachusetts, and is currently ongoing (Kannel et al., 1979; Mahmood et al., 2014). This cohort has produced a number of important discoveries in cardiovascular disease, and has also been utilised to better understand other diseases such as T2D. In terms of metabolomics applications, Wang and co-workers performed metabolic profiling by means of a targeted LC-MS analysis of 778 plasma samples of FHS individuals (189 of which developed diabetes in the 12 years following the sampling) to elucidate metabolic changes that could anticipate the onset of T2D (Wang et al., 2011). One of the major advances in this manuscript at the time was the replication of the analysis on 326 plasma samples derived from the Malmo Diet and Cancer Study (MDC) (Berglund et al., 1993), which confirmed the results obtained in FHS. More specifically, the plasma level of branched-chain and aromatic amino acids (BCAAs and AAAs) were found to be increased up to 12 years before onset of the disease. Hence, the known role played by amino acids in insulin regulation (Floyd et al., 1970) was extended, suggesting that hyperaminoacidemia is a very early manifestation of T2D.  Similarly, metabolite profiling of 1,015 individuals from FHS and 746 individuals of the MDC found a correlation between the high concentration of circulating glutamate and BCAAs and T2D, whereas the glutamine: glutamate ratio was found to be weakly correlated to BCAAs and inversely associated to diabetes incidence (Cheng et al., 2012). Finally, a genome-wide association study (GWAS) of polar and nonpolar metabolites (as profiled by Wang et al. (2011) and Rhee et al. (2011) respectively) in 2,076 FHS individuals suggested a link between thyroid function and T2D risk by highlighting the association between the potassium voltage-gated channel KCNQ1, previously associated with T2D (Mohlke and Boehnke, 2015; Sun et al., 2012), and triiodothyronine levels (Rhee et al., 2013).
[bookmark: OLE_LINK85][bookmark: OLE_LINK21][bookmark: OLE_LINK13][bookmark: OLE_LINK86][bookmark: OLE_LINK88]Similar to the Framingham Heart Study is the Cardiovascular Health Study (CHS), an American cohort focusing on cardiovascular diseases and T2D involving more than 5,000 individuals over 65 years old (Fried et al., 1991). 3,630 samples of this cohort were subjected to targeted determination of total plasma fatty acids via GC-MS (Mozaffarian et al., 2010) with the aim to evaluate in human the relationship between palmitoleic acid (cis-16:1n–7) and IR. High plasma levels of palmitoleate were found to be associated with lower fibrinogen, higher HDL and lower LDL cholesterol, in agreement with the protective effects observed in experimental models (Cao et al., 2008; Dimopoulos et al., 2006; Maedler et al., 2003; Sauma et al., 2006), whereas its association with increased adiposity, higher triglycerides and IR might be a lifestyle marker. These divergent results confirm the complex role of palmitoleic acid in metabolic regulation (Allalou et al., 2016; Chow et al., 2013; Frigolet and Gutiérrez-Aguilar, 2017; Hodge et al., 2007; Kotronen et al., 2009; Patel et al., 2010).
[bookmark: OLE_LINK89][bookmark: OLE_LINK91][bookmark: OLE_LINK23][bookmark: OLE_LINK24][bookmark: OLE_LINK25]A number of large-scale metabolomics studies focusing on T2D have also been performed on European populations. Between these, the European Prospective Investigation into Cancer and Nutrition (EPIC) is one of the largest population studies in the world, comprising 10 sub-cohorts with a total of more than half a million participants from 10 different European countries (Boeing et al., 1999; Riboli et al., 2002). InterAct is a sub-cohort of EPIC and was designed with the aim to elucidate the role played by genetic and environmental factors on the incidence of T2D, comprising 27,296 adults (12,887 T2D and 15,164 case controls) (Langenberg et al., 2011). Plasma samples from this population were analysed with GC-MS to evaluate the distribution of fatty acids in phospholipids (Forouhi et al., 2014). Saturated fatty acids (SFAs) were found to be divergently associated with T2D, with even-chain SFAs (myristic, palmitic stearic acid) being positively associated with T2D, while odd- (pentadecanoic and heptadecanoic acid) and longer-chain SFAs (arachidic, behenic, tricosanoic and lignoceric acid) were negatively correlated with T2D. These results go some way to confirm the suspected role of SFAs in T2D (Calder, 2015) but suggest there is a need for deeper insight into the link between endogenous and dietary FAs, and their role in the development of T2D.
[bookmark: OLE_LINK92][bookmark: OLE_LINK9][bookmark: OLE_LINK5][bookmark: OLE_LINK4][bookmark: OLE_LINK94][bookmark: OLE_LINK95][bookmark: OLE_LINK96]Another two sub-cohorts of the EPIC study which have been analysed by metabolic profiling to better understand T2D, are those recruited in the areas of Potsdam and Heidelberg, Germany. A targeted metabolomics approach (FIA-MS/MS) applied to 3,082 individuals (800 incident T2D) from the EPIC-Potsdam and replicated on 876 individuals of the German KORA S4 population  (Rathmann et al., 2010, 2009, 2003; Ulrich et al., 2016), suggests the early monitoring of several metabolic alterations to identify patients with higher risk of developing T2D later in life (Floegel et al., 2013). In particular, serum hexoses, phenylalanine and certain diacyl-phosphatidylcholines (diacyl-PC C32:1, C36:1, C38:3, and C40:5) were found to be associated with increased risk of T2D, while serum glycine, sphingomyelin C16:1, lysophosphatidylcholine (LPC) C18:2 and some acyl-alkyl-phosphatidylcholines (acyl-alkyl-PC C34:3, C40:6, C42:5, C44:4, and C44:5) were correlated with decreased risk. The comparison of these metabolites with clinical markers of T2D not only underlined a correlation between their plasma levels, but also highlighted a better performance of the formers in a predictive model T2D, suggesting their potential role as biomarkers. These changes in a number of diacyl-PCs, acyl-alkyl-PCs, LPCs, amino acids and acylcarnitine were also replicated in a similar and more recent study using targeted metabolomics of almost 3000 individuals from the Potsdam cohort (800 cases of incident diabetes) and 761 from the Heidelberg cohort (45 incident T2D), and replicated in 800 samples (21 T2D) from the KORA population (Dietrich et al., 2016).
[bookmark: OLE_LINK41][bookmark: OLE_LINK47][bookmark: OLE_LINK48][bookmark: OLE_LINK45][bookmark: OLE_LINK51][bookmark: OLE_LINK44][bookmark: OLE_LINK42][bookmark: OLE_LINK49][bookmark: OLE_LINK55][bookmark: OLE_LINK61][bookmark: OLE_LINK57][bookmark: OLE_LINK62][bookmark: OLE_LINK36][bookmark: OLE_LINK56][bookmark: OLE_LINK37]The KORA population discussed above has also been studied in its own right. KORA comprises  individuals from southern Germany who were examined between 1984-2012 to form several cohorts (Rathmann et al., 2010, 2009, 2003; Ulrich et al., 2016). Targeted metabolomics (LC-FIA-MS/MS) was performed on 3,972 individuals from both the baseline KORA S4 and the follow-up study KORA F4 (Wang-Sattler et al., 2012). Glycine and LPC 18:2 were found to be altered in individuals with impaired glucose tolerance and associated with subsequent onset of T2D, and these results were confirmed in 1,686 individuals of the EPIC-Potsdam cohort. A combination of metabolic profiling (ultra-high-pressure (UHP) LC-MS/MS  in both positive and negative ion mode, GC-MS) and genotyping was performed by Suhre and co-workers (2011) on 1,768 individuals of the KORA F4 cohort as well as 1,052 individuals of the TwinsUK cohort (Moayyeri et al., 2013). Evaluation of the relationship between SNPs and metabolic traits highlighted the correlation between glucokinase (hexokinase 4) regulator (GCKR), a known risk locus associated with T2D, and the mannose: glucose ratio.  More specifically, mannose was lower in carriers of the SNP while both glucose and lactate were higher. The only physiological known role of mannose, whose blood concentration depends exclusively on the dietary intake, is protein glycosylation after intra-cellular transport though a glucose-insensitive carrier. The results obtained in this study suggest a possible implication of mannose in the development of T2D, but it is not obvious whether it was associated with specific diet components or had a biological effect on the cell itself. Correlation of GCKR with T2D biomarkers was observed also in other large-case studies involving integration of metabolomics and genomics data. More specifically, the Metabolic Syndrome in Men (METSIM) population (Laakso et al., 2017; Stancakova et al., 2009) comprises 10,197 randomly selected Finnish men whose concentration of amino acids in plasma was measured with 1H-NMR spectroscopy to evaluate their association with glycaemia, 43 risk SNPs and T2D (Stancakova et al., 2012). High plasma glucose levels were found to be correlated with decreasing levels of histidine and glutamine, while alanine, leucine, isoleucine, tyrosine, and glutamine were identified as possible biomarkers in the prediction of T2D. Altered amino acid regulation was confirmed in 200 adipose tissue samples from the same cohort by the correlation between expressed genes regulating amino acid degradation and insulin sensitivity. Moreover, only GCKR among the 43 risk SNPs studied was significantly associated with amino acids levels, in particular alanine. On the other hand, GCKR has been previously associated with metabolic features characterising T2D by Fall and co-workers (Fall et al., 2016) examining three different Swedish populations, namely Twingene (Magnusson et al., 2013),  the Uppsala Longitudinal Study of Adult Men (ULSAM)(Hedstrand, 1975), and the Prospective Investigation of the Vasculature in Uppsala Seniors (PIVUS) (Lind, 2005). In particular, 1,630, 1,138 and 970 individuals from Twingene, ULSAM and PIVUS, respectively, were selected for UPLC-MS non-targeted metabolomics with the scope to asses metabolic variability in the Swedish population and its correlation with diseases (Ganna et al., 2016). Combination of the metabolomics obtained from this study with the results of the KORA S4 cohort  as well as GWAS data from the populations (Shin et al., 2014), highlighted correlations between SGPP1, GCKR and FADS1/2, diabetes-associated phospholipids and T2D. Furthermore, higher blood levels of both bile deoxycholic acid and monoacylglyceride 18:2, as well as lower concentrations of cortisol, were found in the blood samples, whereas low concentrations of deoxycholic acid were found to be correlated with a variant in the CYP7A1 locus, encoding the rate-limiting enzyme in bile acid synthesis, and lower T2D risk. Hence, apart from further confirming the implication of GCKR in T2D, this study reported the novel findings of associating T2D with impairments of bile acids and lipid metabolism.
[bookmark: OLE_LINK35]A combination of GWAS and metabolomics approaches was applied also to the TwinsUK cohort (Moayyeri et al., 2013), comprising of more than 12,000 twins from the United Kingdom, with the aim to evaluate any potential correlation between metabolites and both T2D and impaired fasting glucose (IFG) (Menni et al., 2013a). Metabolic profiling with UPLC-MS/MS in both positive and negative ion mode and GC-MS (Menni et al., 2013b) was performed on 2,204 female plasma samples, and replicated on 189 urine samples from the same population as well as 720 plasma samples from the KORA F4. The results obtained confirm the implication of carbohydrates, lipids and amino acids in both T2D and IFG, indicating as novel possible markers malate, arabinose, 15-methlypalmitate, 5-dodecenoate, and the branched-chain keto-acid (BCKA) 3-methyl-2-oxovalerate.
[bookmark: OLE_LINK33][bookmark: OLE_LINK34]The sex-dependent relationship between metabolites and T2D incidence was evaluated in the Study of Health in Pomerania (SHIP) (Volzke et al., 2011), a German cohort aiming to elucidate risk factor and sub-clinical diseases in the population. Urine samples of 2,709 individuals who were non-diabetic at baseline and for which a follow-up after 5 years was available were selected for 1H-NMR profiling, out of which 1,353 were men (87 diabetic at follow up) and 1,356  women (50 diabetic at follow up) (Friedrich et al., 2015). Five and 16 urine metabolites were associated with T2D in men and women, respectively, and only 3 of these (glucose, lactate and glycine) were found in both. Glucose and lactate were positively associated with T2D for both sexes, while glycine was positively associated with T2D for women and negatively for men. Moreover, acetate, carnitine, N,N- dimethylglycine, trigonelline, 3-hydroxyisovalerate, alanine, formate, glycolate, trimethylamine N-oxide and tau-methylhistidine were positively related with T2D only in women, with trigonelline and trimethylamine N-oxide best discriminating between T2D and controls. On the other hand, valine and 4-hydroxyphenylacetate were found for men. These results highlight gender-differences in T2D metabolomics prediction and evaluation, which can be related to the strong interplay between fat distribution, immune system and diabetes which are known to be sex-dependent (Donath and Shoelson, 2011; Patel et al., 2013; Shoelson, 2006; Zimmet et al., 2005).
Two European cohorts aiming specifically at the elucidation of mechanisms that cause T2D are the Relationship between Insulin Sensitivity and Cardiovascular disease (RISC), and the Botnia study. The RISC study is a prospective cohort study of individuals from 21 European countries who participated at both baseline and follow-up evaluation (Hills et al., 2004). The Botnia study is an observational familiar study including individuals from west Finland (Groop et al., 1996). The previously identified biomarkers of T2D risk α-hydroxybutyrate (α-HB) and linoleoyl- glycerophosphocholine (L-GPC) (Gall et al., 2010) were evaluated in plasma samples from both cohorts (Ferrannini et al., 2013). LC-MS/MS was performed for targeted quantitation of α-HB, L-GPC as well as amino acids, and the metabolomics results were subjected to statistical analysis to evaluate any possible correlation between each other and with clinical markers of T2D. IR was found to be positively associated with α-HB, and negatively to L-GPC. Moreover, predictive models of T2D and IR using these newly identified biomarkers performed better than those built with known markers (clinical chemistry and amino acids). 
[bookmark: OLE_LINK67][bookmark: OLE_LINK68][bookmark: OLE_LINK11][bookmark: OLE_LINK8]A series of studies on Finnish populations was performed by Würtz and co-workers using 1H NMR spectroscopy to examine key metabolites in blood plasma using a sophisticated curve fitting routine to quantify metabolites including different lipoprotein fractions. A portion of the Northern Finland Birth Cohort 1966 (NFBC1966) (Järvelin et al., 2004), and 2,247 individuals sampled in the follow-up of the Cardiovascular Risk in Young Finns Study (YFS) (“Cardiovascular Risk in Young Finns Study,” 2017; Raitakari et al., 2008) were utilised to evaluate the correlation between metabolites and IR  in young adults(Wurtz et al., 2012a). Twenty metabolites, measured in serum with 1H-NMR spectroscopy, were found to be associated with IR (including amino acids, ketone bodies and lipids) in a sex- and obesity–dependent fashion. In a follow-up of this work, 11 amino acids were quantified for 1,680 individuals from the YFS for which both baseline and follow-up (6 years) data was available.(Wurtz et al., 2013) BCAAs and AAAs were found to be markers for the development of IR, but interestingly they were not associated with glycaemia. Moreover, glutamine (an anaplerotic substrate) was inversely associated with 6-year glycaemia in women. Similar results were obtained in the analysis of middle aged adults from the Pieksämäki cohort  (Ahonen et al., 2008; Vanhala et al., 2011), and a  portion of the Health 2000 Study (Aromaa and Koskinen, 2004) in which participants were selected to study risk factors for T2D (Wurtz et al., 2012b). Metabolite profiling and quantification of serum and serum lipid extracts of 1,873 qualifying individuals by 1H-NMR spectroscopy and subsequent statistical analysis underlined several amino acids, gluconeogenesis precursors and fatty acids as predictive of future glycaemia. In particular, the gluconeogenesis precursor alanine, lactate and pyruvate, predicted deterioration of glucose tolerance in the follow-up, whereas α1-acid glycoprotein as well as BCAAs confirmed their known role in predicting the development of T2D. 
[bookmark: OLE_LINK65][bookmark: OLE_LINK38][bookmark: OLE_LINK39][bookmark: OLE_LINK69][bookmark: OLE_LINK54][bookmark: OLE_LINK50][bookmark: OLE_LINK14][bookmark: OLE_LINK15][bookmark: OLE_LINK16]Several recent studies have investigated Asian populations, suggesting population-specific biomarkers that could be derived from the different diet and lifestyle interactions of Asian populations compared to Western countries. The two largest Asian cohorts used to examine T2D are both based in China: the Shanghai Women’s Health Study (SWHS) (Zheng, 2005), which recruited 74,942 women between 1997–2000, and the Shanghai Men’s Health Study (SMHS), conducted between 2002 and 2006 and comprising 61,482 men (Shu et al., 2015). Non targeted metabolomics (UHPLC-MS/MS in both positive and negative ion mode and GC-MS) of these cohorts and statistical evaluation yielded 36 known and 10 unknown metabolites associated with prevalent and/or incident T2D (Yu et al., 2016). Apart from the previously identified hexoses, BCAAs and BCKA, interestingly several other metabolites were also found, including 3-methoxytyrosine, docosapentaenoate (DPA, 22:5n3) and bradykinin-hydroxy- pro(3). 3-methoxytyrosine is a metabolite of levodopa, and although a role in T2D is not known, some links between Parkinson and T2D are described in the literature (Yang and Song, 2013). Similarly, bradykinin-hydroxy-pro(3) has not been directly linked to diabetes, although an association between bradykinins and T2D exists (Sharma, 2016). On the other hand, the metabolite DPA 22:5n3 was found to be associated with IR and T2D incidence only in studies based on Asian populations, suggesting that it could be a population-specific marker, perhaps associated with the different diets of Chinese compared to Western countries(Zhang et al., 2012). Similarly, another population-specific biomarker for T2D was suggested by Qiu and co-workers (Qiu et al., 2016) in two different Chinese populations: the Dongfeng-Tongji (DFTJ) cohort, launched in 2008 and comprising 27,009 retired employees of the Dongfeng Motor Corporation in central China (Wang et al., 2013), and the Jiangsu Non-communicable Disease (JSNCD) cohort, which sampled 17,723 individuals form East China in 2004-2005. The incident cases of T2D detected in the follow-ups of DFTJ and JSNCD (1,039 and 520, respectively) were paired 1:1 with healthy individuals for targeted metabolomics focusing on amino acids and (acyl) carnitines. LC-MS/MS of fasting plasma samples followed by statistics was performed, confirming the association of alanine, phenylalanine and tyrosine with T2D development, and additionally suggesting palmitoylcarnitine as a new marker for T2D in these Chinese populations.
Despite these differences, agreement between biomarkers identified in Asian and western cohorts was found in a study based on a portion of the second survey of the Korea Association REsource (KARE) cohort (Cho et al., 2009; Kim et al., 2016) and replicated in 1,343 samples coming from the KORA cohort, with targeted metabolomics and genotyping yielding three metabolites (hexadecanoylcarnitine, glycine, LPC acyl C18:2 and phosphatidylcholine acyl-alkyl C36:0) correlated with T2D. (Lee et al., 2016).
One future perspective for metabolomics is the ability to combine multiple datasets to allow cross-correlation with megavariate datasets such as those derived from GWAS studies of large cohorts. This requires thousands of samples, but in turn can begin to investigate complex gene-metabolite interactions through statistical tools. Lotta and colleagues (Lotta et al., 2016) examined the Fenland cohort using a targeted approach, primarily to investigate the association between higher concentrations of branch chain amino acids and increased risk of T2D. The data collected was then compared with results from other cohorts, namely the KORA and TwinsUK (Shin et al., 2014). This allowed the study of 16,596 individuals where both metabolomics and GWAS data existed and identified a novel association between BCAAs and a signal encoding an activator of the mitochondrial branched-chain α-ketoacid dehydrogenase (BCKD), responsible for the rate-limiting step in BCAA catabolism. They then validated the association between BCAAs and incident T2D in 47,877 cases of T2D and 267,694 controls. Furthermore, mining this metabolomics data identified a range of metabolites associated with the BCAA pathway, particularly those involving branched-chain α-ketoacid oxidation.

3. Understanding diabetes at the network level 
The metabolites here reviewed as being identified in large cohort studies of T2D (summarised in supplementary table 1, where hyperlinks to the webpage of the cited publications and to the biosource KEGG (Kanehisa et al., 2017) compound database are provided to make the document computer readable and give univocal identifiers for the  molecules) were fed to the web-tool MetExplore (Cottret et al., 2010), which allows one to calculate pathway enrichment and obtain network representations from lists of metabolites (Figure 1).  Metabolites were mapped to both the KEGG Homo sapiens library (Figure 1A) and the Recon2v3 Homo sapiens library (Figure 1A, Thiele et al., 2013) yielding different results. While in KEGG only amino acids seem to be expressed in the enriched pathways, the Recon mapping is much more comprehensive and includes also lipid species. In particular, construction of a network using only the enriched pathways derived by the closest compounds in the Recon2v3 mapping (Figure 1 C and D) provided a more comprehensive picture of the key pathways in T2D, with the citric acid cycle, urea cycle, pyruvate metabolism and several pathways regarding amino acids being identified.
However, not all species are expressed in either of these biosources: out of the 89 metabolites listed in supplementary table 1, 65 are found in Recon2v3 and mapped into the network, while only 50 out of the 77 presenting a KEGG ID could be mapped. This incomplete annotation is due to the lack of comprehensive information regarding the reactions and/or the genes leading to the production of the remaining metabolites, and could derive from the relative simplicity in measurement and identification of certain species in biological samples compared to others (such as amino acids versus lipids). This is a known bias affecting biosources, and highlights both the work that still needs to be done in the construction and curation of databases (Guha et al., 2012; Soh et al., 2010; Stobbe et al., 2014, 2011), and the importance of using more than one source when analysing the results in order to avoid conclusions affected by non-comprehensive considerations. 

4. Conclusions and future perspectives

In conclusion, despite the technical challenges of doing metabolomics ‘at scale’ there has been a variety of large scale studies that have used metabolomics to identify potentially predictive markers of T2D and IR including PCs, lyso-PCs, a number of amino acids, carnitine derivatives, hydroxyl ketoacids and specific free fatty acids. Furthermore, recent studies have paved the way to performing GWAS on metabolomic data to begin to correlate genetic polymorphisms with changes in metabolism. The next challenge will be to harmonise some of these methods so cohorts can be compared across the globe in much the same way current GWAS studies do. With this we will be able to unravel how the genome interacts with the exposome to determine our risk of developing a variety of metabolic diseases including T2D.
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[bookmark: _Ref494294820]Figure 1: Representation of the network obtained by mapping the metabolites onto the KEGG Homo sapiens library (A) and the Recon2v3 library (B), selecting only the enriched pathways in which the metabolites are expressed (as per table below each network) and extracting the subnetwork containing only the lightest paths between metabolites (Frainay and Jourdan, 2017). The heatmap in (C) depicts the distance (Manhattan) matrix obtained from the entire list of metabolites mapped in Recon2v3. The metabolites forming the cluster of closest compounds (i.e. glycine, alanine, pyruvate, acetate, citrate, glutamate, 2-oxobutanoate, formate, malate, 3-Hydroxypyruvate, lactate, glycolate, and cortisol) were further mapped into Recon2v3 to obtain a subnetwork from the enriched pathways (D). The network analyses were performed with the help of Maxime Chazalviel, Clément Frainay and Fabien Jourdan from the MetExplore team.
 

[bookmark: _Ref494269688]

Table 1: A comparison between the analytical techniques most used in metabolomics
	Technology
	Cost per sample (EUR)
	Metabolites coverage
	Quantitation
	Robustness
	Sensitivity

	LC-MS 
	50-500
	Hundreds -Thousands
	✓
	✓
	✓✓✓

	GC-MS
	10-20
	Hundreds
	✓✓
	✓✓
	✓✓

	FIA-MS/MS
	20-30
	Hundreds
	✓✓✓
	✓✓
	✓✓✓

	NMR
	10-100
	Tens-Hundreds
	✓✓✓
	✓✓✓
	✓



[bookmark: _Ref494269595]Table 2: Summary of the populations used in the studies reviewed
	
Cohort name
	Description
	Total cohort size
	Follow-up (years)

	Framingham Heart Study (FHS) (Kannel et al., 1979; Mahmood et al., 2014)
	Large cohort comprising several subgroups, in which three generations of Americans (Original, Offspring, 
Third Generation and New Offspring Spouse, sampled in 1948, 1971 and 2002 respectively), as well as African-American, Hispanic, Asian, Indian, Pacific Islander, and Native Americans (Omni 1 and 2, recruited in 1984 and 2003) were sampled to understand the risk factors for cardiovascular diseases.
	Original = 5209

Offspring = 5124

Third Generation = 4095

New Offspring Spouse = 103

Omni 1 = 506 

Omni 2 = 410 
	66


43


17 (ongoing)


16 (ongoing)


30


16 (ongoing)

	Malmo Diet and Cancer study (MDC) (Berglund et al., 1993)
	45-64- year-old men and women from the Swedish city of Malmo were sampled in 1990 to evaluate the impact of diet on certain forms of cancer.
	53000
	16

	Cardiovascular Health Study (CHS) (Fried et al., 1991). 
	Adults aged 65 years and older enrolled in 1989 to identify risk factors for coronary heart disease and stroke in the USA.
	~ 5000

	10

	European Prospective Investigation into Cancer and Nutrition (EPIC) (Bingham and Riboli, 2004; Boeing et al., 1999; Langenberg et al., 2011; Riboli et al., 2002)
	Europe-wide cohort involving over half a million participants aged 35–70 years recruited between 1992 and 1999 from 10 European countries, aiming at elucidating the relationships between diet, cancer and other chronic diseases.
	> 521,000
	15

	Cooperative Health Research in the Region of Augsburg  (KORA) (Rathmann et al., 2010, 2009, 2003; Ulrich et al., 2016)
	Individuals from the Augsburg region (Southern Germany) were randomly recruited to investigate the incidence of T2D in the elderly population. Baseline sampling was conducted between 1984 and 2001 to form 4 cohorts (S1-4), which were followed up between 2004-2012 (F3, F4, Age1, Age2 and F4-L).
	6844
	20-30

	TwinsUK cohort (Moayyeri et al., 2013)
	Cohort comprising British twins with the aim to understand possible heritability for diseases and evaluate how genetics and environmental factors influence aging. Started in 1992 with two follow-up (2004-2007 and 2007-2010)
	12,000
	17

	Metabolic Syndrome in Men (METSIM) (Laakso et al., 2017; Stancakova et al., 2009)
	Examination of Finnish men aged 45-73 years between 2005 and 2010 to elucidate both T2D and cardiovascular risk factors in both cross-sectional and longitudinal fashion.
	10,197
	5

	TwinGene (Magnusson et al., 2013)
	Swedish twins born between 1886 and 1958 were sampled in 
2004-2008 with the aim to elucidate the influence of both genetic and environmental factors on a number of conditions.
	12,614
	20

	Uppsala Longitudinal Study of Adult Men (ULSAM) (Hedstrand, 1975)
	Ongoing cohort based on men born between 1920 and 1924 and living in the region of Uppsala, Sweden. Individuals were sampled at the age of 50, 60, 70, 77, 82 88 and 93 years
	2322
	43

	Prospective Investigation of the Vasculature in Uppsala Seniors (PIVUS) (Lind, 2005)
	The PIVUS study started in 2001 to evaluate endothelium-dependent vasodilation in the peripheral circulation in individuals aged 70 years randomly selected from the Uppsala community.

	1016
	10

	Study of Health in Pomerania (SHIP) (Volzke et al., 2011)
	Evaluation of the risk factors, sub-clinical and manifest diseases in the population of northeast Germany. Data collection for adults aged 20-79 started in 1996 with creation of the SHIP-0 cohort, while a new cohort with the same characteristics was sampled in 2008-2012 (SHIP-TREND). 
	SHIP-0 = 4,308


SHIP-TREND = 4,420
	11

	Relationship between Insulin Sensitivity and Cardiovascular disease (RISC) (Hills et al., 2004)
	European project to study the incidence of insulin resistance and cardiovascular disease risk in healthy individuals aged 30-60.
	1504
	3

	Botnia study (Groop et al., 1996; “The Botnia Study,” 2017)
	Project started in 1990 in Finland and still ongoing, with the aim to identify the genetic and environmental causes of T2D. In the first survey (Botnia Family study) all patients with known T2D and their family members were invited, while in the follow up (Botnia Prospective Study) only the initially non-diabetic relatives were re-sampled.
	Botnia Family Study = 13126


Botnia Prospective Study = 3017
	10 (ongoing)

	Northern Finland Birth Cohort 1966 (NFBC1966) (Järvelin et al., 2004) 
	Cohort of women and offspring from the regions of Oulu and Lapland (Finland), initiated to promote health and well-being of the population. 
	mothers  = 12,055 
children  = 12,068
	31

	Cardiovascular Risk in Young Finns Study (YFS) (“Cardiovascular Risk in Young Finns Study,” 2017; Raitakari et al., 2008)
	Boys and girls aged 3-18 were randomly selected from the Finnish population and first sampled in 1980. Regular follow up in the following years were performed to evaluate the presence of childhood risk factor as well as the influence of environmental factors in the development of cardiovascular diseases.

	3,596
	30

	Pieksämäki cohort (Ahonen et al., 2008; Vanhala et al., 2011)
	The Pieksämäki cohort consist of individuals from the Finnish region born in 1942, 1947, 1952, 1957, and 1962,  which were sampled in 1997 and followed-up in 2003–2004
	923
	7

	Health 2000 Study (Aromaa and Koskinen, 2004)
	Health survey carried out in 2000–2001 in the Finnish population aged > 30, followed-up in 2011
	8,028 
	11

	Shanghai Women’s Health Study (SWHS) (Zheng, 2005)
	Population of Chinese women recruited in 1996 as epidemiologic study on cancer incidence and development  
	74,942
	20 (ongoing)  

	Shanghai Men’s Health Study (SMHS) (Shu et al., 2015)
	Population comprising Chinese men aged 40-74 recruited between 2002-2006 to evaluate genetic and environmental influence in development of cancer and other diseases.
	61,482
	25 (ongoing)  

	Dongfeng-Tongji (DFTJ) cohort (Wang et al., 2013)
	Biobank built in the city of Shiyan (China) in 2008-2009 to study chronic condition in the occupational population (mean age 63.6 years).
	27,009
	5 (ongoing)

	Jiangsu Non-communicable Disease (JSNCD) (Qiu et al., 2016)
	Collection of samples from individuals aged 35 and older form the Jiangsu Province of east China in 2004–05.
	17,723
	8

	[bookmark: _Hlk492393911]Korea Association REsource (KARE) (Cho et al., 2009; Kim et al., 2016)
	Cohort established in South Korea comprising 4 surveys (S1-4) conducted between 2001 and 2010.
	29,471
	7

	[bookmark: _Hlk492394091]The Fenland Study (MRC Epidemiology Unit, 2017)
	Cohort comprising adults born between 1950 and 1975 recruited in Cambridgeshire, UK, aiming to investigate the relationship between genetics and environmental influence in metabolic disorders.
	12,435
	10 (ongoing)




[bookmark: _Ref494269848]Table 3: Summary of the studies reviewed, the population(s) used, the analytical setup and the results.
	Metabolomics Study
	Total number of individuals
	Cohort(s) used
	Specimen
	Analytical technique
	type of outcome (T2D/IR/pre diabetes)
	Type of Study 

	(Wang et al., 2011)
	1,104
	FHS Offspring (n =  778)


MDC (n = 326)
	plasma
	LC-MS
	Pre-diabetes; T2D
	Prospective, nested case-control

	(Cheng et al., 2012)
	1,761
	FHS Offspring (n =  1,015)

MDC (n = 746)
	plasma
	LC-MS
	T2D
	Prospective, nested case-control

	(Rhee et al., 2013)
	2,076
	FHS Offspring
	plasma
	LC-MS
	T2D
	Prospective, nested case-control

	(Mozaffarian et al., 2010)
	3,630
	CHS
	plasma
	GC-MS
	IR
	Prospective population-based

	(Forouhi et al., 2014) 
	27,296
	EPIC-InterAct
	plasma
	GC-MS
	T2D
	prospective case-cohort

	(Floegel et al., 2013)
	3,958
	EPIC-Potsdam (n = 3,082)


KORA S4 (n = 876)
	serum
	FIA-MS/MS
	T2D
	prospective case-cohort

	(Dietrich et al., 2016).

	4,558
	EPIC-Potsdam cohort (n = 2,997) 

EPIC-Heidelberg (n = 761)

KORA S4 (n = 800)
	serum
	FIA-MS/MS
	T2D
	prospective case-cohort

	(Wang-Sattler et al., 2012)
	5,658
	KORA S4 (n = 2,962)

KORA F4 (n = 1,010)

EPIC-Potsdam (n = 1,686)
	serum
	FIA-MS/MS, LC-MS
	impaired glucose tolerance, T2D
	prospective population-based 

	(Suhre et al., 2011)
	2,820
	KORA F4 (n =1,768) 

TwinsUK (n = 1,052)
	serum
	UHPLC-MS/MS, GC-MS
	T2D
	prospective population-based

	(Stancakova et al., 2012)
	9,369
	METSIM
	Plasma, adipose tissue
	1H-NMR
	T2D
	prospective population-based

	(Fall et al., 2016) 
	4,593
	ULSAM (n = 1,138)

PIVUS (n = 970)

TwinGene (n = 1,630)

KORA S4 (n = 855)
	Plasma, serum
	UPLC-MS
	T2D
	prospective population-based

	(Menni et al., 2013a)
	2,924
	TwinsUK (n = 2,204)

KORA F4 (n = 720)
	Plasma, urine
	UPLC-MS/MS, GC-MS
	T2D, IFG
	prospective case-cohort

	(Friedrich et al., 2015)
	2,709
	SHIP 
	Urine
	1H-NMR
	T2D
	prospective population-based

	(Ferrannini et al., 2013)
	3,841
	RISC (n = 1,261)

Botnia (n = 2,580)
	Plasma
	LC-MS/MS
	T2D, IR
	prospective population-based

	(Wurtz et al., 2012a)
	7,098
	NFBC1966 (n = ~5,000)


YFS (n = 2,000)
	serum
	1H NMR
	IR  
	Population based

	(Wurtz et al., 2013)
	1,680
	YFS
	Serum
	1H-NMR
	IR, glycaemia
	prospective population-based

	(Wurtz et al., 2012b)
	2,090
	Pieksämäki (~ 900)

Health 2000 Study (~1,300)
	serum
	1H-NMR
	Glycaemia, T2D
	Prospective, cross-sectional

	(Yu et al., 2016)
	1,105
	SMHS (n = 205)

SWHS (n = 900)
	plasma
	UHPLC-MS/MS, GC-MS
	T2D
	prospective population-based

	(Qiu et al., 2016) 
	3,118
	DFTJ (n = 2,078)

JSNCD (n = 1,040)
	plasma
	LC-MS/MS 
	T2D
	Prospective, nested case-control

	(Lee et al., 2016) 
	3,583
	KARE S2 (n = 2,240)

KORA S4 (n = 1,343) 
	serum
	LC-MS, FIA-MS 
	T2D, IR, Obesity
	prospective population-based

	(Lotta et al., 2016)
	16,596
	Fenland = 9,237

KORA = 1,763

TwinsUK = 5596
	plasma
	LC-MS, FIA-MS/MS
	T2D
	Population based
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