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Untargeted Metabolic Proﬁling Identiﬁes Altered
Serum Metabolites of Type 2 Diabetes Mellitus in a
Prospective, Nested Case Control Study
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BACKGROUND: Application of metabolite profiling could
expand the etiological knowledge of type 2 diabetes mellitus (T2D). However, few prospective studies apply
broad untargeted metabolite profiling to reveal the comprehensive metabolic alterations preceding the onset of
T2D.
METHODS: We applied untargeted metabolite profiling
in serum samples obtained from the European Prospective Investigation into Cancer and Nutrition
(EPIC)-Potsdam cohort comprising 300 individuals
who developed T2D after a median follow-up time of
6 years and 300 matched controls. For that purpose,
we used ultraperformance LC-MS with a protocol specifically designed for large-scale metabolomics studies
with regard to robustness and repeatability. After multivariate classification to select metabolites with the
strongest contribution to disease classification, we applied multivariable-adjusted conditional logistic regression to assess the association of these metabolites
with T2D.
RESULTS: Among several alterations in lipid metabolism,
there was an inverse association with T2D for metabolites chemically annotated as lysophosphatidylcholine(dm16:0) and phosphatidylcholine(O-20:0/O-20:0).
Hexose sugars were positively associated with T2D,
whereas higher concentrations of a sugar alcohol and a
deoxyhexose sugar reduced the odds of diabetes by approximately 60% and 70%, respectively. Furthermore,
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there was suggestive evidence for a positive association of
the circulating purine nucleotide isopentenyladenosine5⬘-monophosphate with incident T2D.
CONCLUSIONS: This study constitutes one of the largest
metabolite profiling approaches of T2D biomarkers in a
prospective study population. The findings might help
generate new hypotheses about diabetes etiology and develop further targeted studies of a smaller number of
potentially important metabolites.

© 2014 American Association for Clinical Chemistry

Type 2 diabetes mellitus (T2D)11 is a serious metabolic
disorder whose prevalence in adults has doubled over nearly
3 decades (1 ). Insulin resistance and impaired insulin secretion are common features of T2D, but the complex metabolic alterations contributing to T2D are still not completely understood. Broad metabolite profiling of human
biospecimens may improve our understanding of these alterations, because the metabolome is the ultimate manifestation of environmental and genetic risk factors (2 ).
Recent applications of metabolite profiling in crosssectional or case control studies have linked alterations in
hexoses, amino acids, ketone bodies, fatty acids, acylcarnitines, and phospholipids with T2D (3–16 ). To date,
however, there have been just a few applications of metabolite profiling in prospective studies, which are more
suitable to distinguish between metabolic causes and the
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Fig. 1. Flow diagram of participant selection.

actual consequences of T2D (17–22 ). Of note, these
studies applied targeted metabolomic approaches, in
which measurement was restricted to a limited number
(typically ⬍200) of selected and biochemically annotated metabolites. However, few prospective studies
use an untargeted approach that may allow for a
broader assessment of metabolic alterations preceding
the clinical stage of T2D. Recently, an ultraperformance
LC (UPLC)-MS– based method has been designed to
fulfill the unique requirements of applying highthroughput analytical methodologies in large-scale epidemiological studies, specifically with regard to robustness and repeatability (23 ). We used this untargeted
metabolite profiling method to analyze metabolic alterations linked to incident T2D in a case control study
embedded into the European Prospective Investigation
into Cancer and Nutrition (EPIC)-Potsdam cohort.
Materials and Methods
STUDY POPULATION

The EPIC-Potsdam study included 27 548 adults aged
35– 65 years. Baseline examination (1994 –1998) included blood sampling, measurements of blood pressure
(BP) and anthropometric parameters, dietary and lifestyle questionnaires, and personal computer-assisted interviews (24 ). The study procedures were approved by
the Ethics Committee of the Medical Association of the
State of Brandenburg (Germany). All procedures fol488
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lowed the Helsinki Declaration for human rights, and
participants provided written informed consent. Potentially incident cases with self-reported diabetes diagnosis,
relevant medication, or dietary treatment owing to diabetes were verified by questionnaires mailed to the diagnosing physician for confirming diagnosis.
Our case control study was embedded into a casecohort study of EPIC-Potsdam comprising 849 individuals with incident T2D and a random subcohort of 2500
individuals that was recently used for targeted metabolite
profiling (17 ) (Fig. 1). For untargeted metabolite profiling, we randomly selected 300 cases of incident T2D.
Each case was individually matched to 1 nondiabetic control according to the following matching criteria: age (⫾6
months), sex, fasting time (⬍3 h, ⱖ3 h, ⬍6 h, and ⱖ6 h
before blood draw), time of day of blood sampling (⫾2 h),
and season at blood sampling. Furthermore, each nondiabetic control participant was chosen to have at least the
diabetes-free follow-up time of the respective case. The
study population was randomly split into 2 independent
substudies, each containing 150 matched case-control
pairs to allow 2 separate metabolite profiling studies to be
performed to reduce the false-positive rate in any single
study.
ASSESSMENT OF BASELINE COVARIATES AND CLINICAL
BIOMARKERS

Anthropometric parameters were measured by trained
personnel. Smoking habits, physical activity, educational
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attainment, and medical history were assessed during a
standardized interview. Dietary habits during the previous year were assessed by use of a validated, selfadministered food frequency questionnaire (25 ). Systolic
and diastolic BP were measured after a resting period of
15–30 min (26 ). Prevalent hypertension was defined as
systolic BP ⱖ140 mmHg, diastolic BP ⱖ90 mmHg, selfreported hypertension diagnosis, or use of antihypertensive medication. Additionally, 30 mL peripheral blood
was obtained by venipuncture according to a standardized protocol (27 ). Before centrifugation, 20 mL was
filled into monovettes containing sodium citrate as anticoagulant and the remaining 10 mL into monovettes
without anticoagulant. After centrifugation at 1500g for
20 min, blood fractions (serum, plasma, buffy coat, and
erythrocytes) were placed in 0.5-mL plastic straws and
stored at ⫺196 °C. We measured plasma concentrations
of glucose, glycated hemoglobin (Hb A1C), alanine aminotransferase (ALT), ␥-glutamyltransferase (GGT), highsensitivity C-reactive protein (hs-CRP), triglycerides, and
HDL cholesterol with the automatic Advia 1650 chemistry
system (Siemens Medical Solutions). We measured plasma
adiponectin by ELISA (Linco Research).
METABOLITE PROFILING

Metabolite profiling data of 600 serum samples was acquired separately for 2 independent substudies (substudy
1 and substudy 2; 300 samples per study). We prepared
serum samples (140-L aliquots) by deproteinization
and drying in a randomized order and according to a
protocol described in Supplemental Methods, which accompanies the online version of this article at http://
www.clinchem.org/content/vol61/issue3, and elsewhere
(23, 28 ). We pooled sera from each participant (60 L)
to create a single pooled QC sample, from which 140-L
aliquots were deproteinized and dried as described above.
These QC samples were applied for conditioning of the
analytical system, signal correction, and quality assurance
as previously described (23, 29 ).
All samples were reconstituted in 70 L of 50:50
methanol/water followed by centrifugation for 15 min at
13 363g. We analyzed samples in substudies 1 and 2 in a
random order, with each substudy consisting of 3 analytical batches. Batches 1–3 were applied in substudy 1 and
batches 4 – 6 were applied in substudy 2. The respective
batches were composed of 100 subject samples and 28
intermediate QC injections. We carried out analytical
UPLC-MS measurements on an Acquity UPLC system
(Waters) that was interfaced with a LTQ-Orbitrap XL
hybrid mass spectrometer equipped with an electrospray
ionization source (Thermo Fisher Scientific). The UPLC
method was operated over a 22-min run time as described in online Supplemental Methods and as described previously (28 ). The same gradient was applied
for positive and negative ion mode to enable accurate

integration of data for metabolite identification for both
ion modes. Fifty percent of the column eluent was introduced to the electrospray source of the LTQ-Orbitrap
XL mass spectrometer. The mass spectrometer was operated in positive and negative ion modes separately, and
data were acquired in the range 50 –1000 m/z with a scan
rate of 0.4 s. After each analytical batch, the column was
washed for 30 min with 100% methanol.
RAW DATA PREPROCESSING

Raw data acquired in each analytical batch were converted from the instrument-specific format to the
NetCDF format applying the file converter program in
XCalibur software (Thermo Fisher Scientific). Deconvolution was performed with XCMS software according to
settings described previously (30, 31 ). We carried out
signal correction and quality assurance with the QC samples present in substudies 1 and 2 separately and in positive and negative ion modes. As described previously
(23 ), we applied univariate local polynomial regression
fitting to each ion detected in QC samples and regressed
to the same ion in subject samples. Metabolites were
retained only if at least 60% of the QC peaks were observed in each of the 3 batches for a single study and
differed from the mean QC peak area by ⱕ20%. Metabolites with a retention time ⬍40 or ⬎1100 s were excluded from the analyses.
METABOLITE IDENTIFICATION

Putative annotation of metabolites or metabolite groups
was performed by applying the PUTMEDID-LCMS
workflows operating in the Taverna workflow environment (23 ). We applied 5 ppm mass error and a retention
time range of ⫾2 s in feature grouping and molecular
formula and metabolite matching. Because different metabolites can be detected with the same accurate m/z (for
example, isomers with the same molecular formula),
multiple annotations could be observed for a single detected metabolite feature. Also, a single metabolite could
be detected as multiple molecules, particularly as a different type of ion (e.g., protonated and sodiated ions).
Throughout this article, the term “metabolite” refers to
either single metabolites or groups of molecules with
the same retention time and the same accurate m/z. All
molecules were annotated according to guidelines for
reporting of chemical analysis results, specifically to
Metabolomics Standards Initiative level 2 (32 ). Phosphatidylcholine (PC), phosphatidylethanolamine, and
lysophosphatidyl-choline (LysoPC) are characterized by
x:y, with x indicating the number of carbon atoms and y
indicating the number of double bonds. The O and P
prefixes indicate the presence of an alkyl or an alkenyl
ether substituent, respectively.
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STATISTICAL ANALYSES

For metabolite selection in the 2 substudies, we first applied multivariate classification-based feature selection
with random forests (RFs) (33 ) and partial least squares
discriminant analysis (PLS-DA) (34 ), using the R packages randomForest and pls. A detailed description is
given in online Supplemental Methods. Briefly, for RF,
ntree and mtry were fixed at 500 and one-third of predictor variables, respectively. In total, we selected 100
bootstrap samples with replacement on the matched
case-control pairs. Metabolites were ranked according to
the RF importance scores reflecting the difference between oob error of a variable randomly permuted and the
original variable. For PLS-DA, metabolites of each substudy were ranked according to the regression coefficients
representing the importance of each metabolite in classification. The results of both methods were aggregated to
a ranking list by the mean of each ranking score, with a
higher score indicating higher importance of a given metabolite with regard to classification of T2D cases and
controls. We selected a subset of 60 predictors per ion
mode and substudy for further statistical analyses, because larger subsets did not improve discrimination accuracy of the models (data not shown).
We used multivariable-adjusted conditional logistic
regression to estimate odds ratios (ORs) and 95% CIs for
the association of each metabolite with T2D. For that
purpose, the participants were divided into tertiles on the
basis of the study-specific distribution of the selected metabolites among controls. The regression models were
adjusted for age, body mass index (BMI) (kg/m2), waist
circumference (cm), physical activity (inactive, moderately inactive, moderately active, active), smoking (never,
former, current ⬍20 U/day, current ⱖ20 U/day), education (vocational school or less, technical school, university), prevalent hypertension (yes/no), and consumption
of alcoholic beverages (women: nonconsumer, ⬎0 – 6
g/day, ⬎6 –12 g/day, ⬎12 g/day; men: nonconsumer,
⬎0 –12 g/day, ⬎12–24 g/day, ⬎24 g/day), coffee (cups/
day), red meat (g/day), and whole-grain bread (g/day). In
265 case-control pairs with complete data on traditional
T2D biomarkers, we additionally adjusted for the plasma
concentrations of HDL cholesterol, triglycerides, ALT,
GGT, CRP, adiponectin, glucose, and Hb A1c. For the
set of metabolites selected by the multivariate classification methods, we also calculated a false discovery rate–
adjusted P value for linear trend across tertiles within the
whole study population by using the participants’ assigned tertile as a continuous variable in the respective
regression model. Spearman correlation coefficients were
calculated to investigate the association between metabolites with selected risk factors of T2D. The correlation
analyses were restricted to only those metabolites selected
for multivariable-adjusted regression models, as described above. All regression and correlation analyses
490
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were carried out with SAS software, version 9.2 (SAS
Institute).
Results
Both substudies were comparable in terms of baseline
characteristics (Table 1). Incident cases of T2D had
higher mean BMI and higher mean waist circumference.
Furthermore, individuals with T2D were more likely to
be hypertensive and physically inactive compared with
individually matched controls (Table 1). Because fasting
time was one of the matching variables, cases and controls
were identical in this respect, and the percentage of participants having a meal or beverage within 3 h before
blood draw was 61% in substudy 1 and 59% in substudy
2. After signal correction and/or quality assurance processes, 3139 and 1381 metabolites were detected on
the UPLC-MS positive ion mode platform and the
UPLC-MS negative ion mode platform, respectively.
Metabolites were ranked according to their ability for
separating cases and controls with multivariate classification. Online Supplemental Table 1 displays the studyspecific ranking scores for the top 60 metabolites per ion
mode. In total, 206 metabolites or metabolite groups
ranked high in at least 1 study population, and 34 metabolites ranked high in both.
Metabolites lacking chemical annotation were not
considered for subsequent analyses. Among the chemically annotated metabolites, several nonlipids were significantly associated with T2D in both study populations after adjustment for relevant dietary and lifestyle
factors (i.e., P value for the comparison between third
and first tertile ⬍0.05 in both substudies) (Fig. 2; online
Supplemental Table 2). Specifically, higher concentrations of the purine nucleotide isopentenyladenosine-5⬘monophosphate were associated with an approximate
5-fold increase in the odds of T2D. For the large group of
hexose sugars and derivatives, both positive and negative
associations were detected. For instance, metabolites annotated as “tetrahydroxyhexanoic acid and/or hexose
sugar (e.g., glucose, fructose, inositol)” exhibited a
strongly increased OR for the comparison between extreme tertiles. In contrast, individuals in the highest tertile of a deoxyhexose sugar (e.g., anhydro-glucitol, deoxygalactose, or deoxyglucose) had ORs of 0.23 (95% CI
0.07– 0.72) and 0.23 (0.08 – 0.65) in the first and second
substudy, respectively. Furthermore, higher concentrations of a sugar alcohol, 1-O-␤-D-glucopyranosyl-Dmannitol or maltitol, were associated with a substantially
reduced OR of T2D.
In total, 6 of the selected annotated lipids exhibited
a significant association with T2D in both study populations, when multivariable-adjusted logistic regression
was applied (Fig. 3). Specifically, individuals in the highest tertile of PC(22:4/dm18:0) or PC(O-18:0/22:5) had

Serum Metabolites and Incident Type 2 Diabetes Mellitus

Table 1. Baseline characteristics of incident cases of T2D and matched controls of 2 randomly selected case control studies
nested within the EPIC-Potsdam cohort.a
Substudy 1
Characteristic

n
b

Age, years
Male sexb

a
b

Controls

Cases

150

150

54.2 (7.5)

54.2 (7.5)

51.3

51.3

Substudy 2
P

0.982
1.000

Controls

Cases

150

150

55.1 (7.6)

55.1 (7.6)

51.3

51.3

P

0.996
1.000

BMI, kg/m2

26.2 (3.5)

30.3 (4.8)

<0.0001

26.2 (3.6)

30.6 (4.6)

<0.0001

Waist circumference, cm

87.8 (11.1)

99.4 (13.1)

<0.0001

88.0 (11.8)

99.4 (12.6)

<0.0001

Red meat, g/d

0.3 (0.2)

0.3 (0.2)

0.479

0.3 (0.2)

0.4 (0.2)

0.003

Whole-grain bread, g/d

1.0 (1.2)

0.6 (0.8)

0.003

1.0 (1.1)

0.8 (1.0)

0.119

Coffee, g/d

2.6 (1.8)

2.5 (2.0)

0.633

3.0 (2.0)

2.6 (1.9)

0.145

Alcohol, g/d

17.9 (21.1)

14.1 (19.1)

0.106

14.5 (15.4)

17.3 (24.3)

0.228

Physical inactivity

16.0

30.0

0.004

20.0

29.3

0.061

University degree

37.3

33.3

0.470

40.0

28.0

0.028

Smoker

20.7

20.0

0.886

19.3

23.3

0.399

Hypertension

40.0

63.3

<0.0001

38.7

68.0

<0.0001

Data are mean (SD) or %.
Matching factors.

a ⬎4-fold higher chance of developing diabetes compared with individuals in the lowest tertile. In contrast,
substantially lower odds of T2D were observed for a metabolite annotated as PC(O-20:0/O-20:0). For this glycerophospholipid, the OR between extreme tertiles was
0.19 (95% CI 0.06 – 0.59) in the first substudy and 0.28
(0.08 – 0.92) in the second substudy. Likewise, individuals in the highest tertile of LysoPC(dm16:0) had an OR
of 0.19 (0.07– 0.60) or 0.27 (0.10 – 0.75).
All selected metabolites displayed in Figs. 2 and 3
were still significantly associated with T2D after adjusting
for the plasma concentrations of adiponectin, CRP, GGT,
or ALT (data not shown). Furthermore, PC(O-20:0/O20:0) was the only metabolite not significantly associated
with T2D after adjusting for circulating HDL cholesterol
and triglycerides. In contrast, adjustment for plasma glucose
considerably weakened the metabolite– disease associations
for molecules annotated as “tetrahydroxyhexanoic acid
and/or hexose sugar (e.g., glucose, fructose, inositol),”
isopentenyladenosine-5⬘-monophosphate, and hydroxymethylbutenyl diphosphate.
When performing subgroup analyses in individuals
fasting ⬍3 h or ⱖ3 h before blood sampling, all selected
metabolites exhibited the same direction of association
with T2D as observed in the overall study population
(data not shown). Among these metabolites, tetrahydroxyhexanoic acid was the only feature for which effect
modification of fasting status on the association between
metabolite and T2D was apparent (P for interaction
⬍ 0.05).

We also conducted correlation analyses between
the selected serum metabolites and T2D risk factors
including established biomarkers (Table 2). Plasma
glucose correlated strongly with hydroxyl-methylbutenyl
diphosphate (rs ⫽ 0.52), isopentenyladenosine-5⬘monophosphate (rs ⫽ 0.44), and the detected hexose
sugars. Hydroxyl-methylbutenyl diphosphate and
isopentenyladenosine-5⬘-monophosphate also correlated positively with each other (rs ⫽ 0.50) (see online
Supplemental Table 3). In comparison, the correlation
of the selected lipids with each other and with established T2D biomarkers was low (Table 2; online Supplemental Table 4).
Discussion
With coverage of ⬎4500 metabolite features, this study
constitutes one of the largest metabolite profiling approaches of T2D biomarkers in a prospective study population to date. Using UPLC-MS, we detected alterations in serum carbohydrates, purines, and phospholipids
preceding the onset of T2D by about 6 years. Just recently, findings from well-powered prospective studies
have provided deeper insights into early metabolic alterations predictive for future diabetes (17–22 ). A range of
biologically important plasma metabolites were measured in these studies, but they applied a targeted metabolite profiling approach. The findings of our untargeted
approach may thus complement current knowledge
about diabetes pathogenesis.
Clinical Chemistry 61:3 (2015) 491

Fig. 2. ORs and 95% CIs of T2D for the comparison between highest versus lowest tertile of selected nonlipids; adjusted for age,
BMI, waist circumference, physical activity, smoking, education, prevalent hypertension, and consumption of alcohol, coffee, red
meat, and whole-grain bread. Œ, substudy 1; , substudy 2; ⽧, combined estimate; RT, retention time; dm, demethyl; PE,
phosphatidylethanolamine.

Alterations in glycerophospholipids are common in
the (pre)diabetic state (5, 9, 14, 35 ), possible reflecting
the impact of glycerophospholipids on membrane properties, cell integrity, and cellular signaling (36 ). In our
study, we observed a lower OR of T2D for some glycerophospholipids including LysoPC(dm16:0) and PC(O20:0/O-20:0). However, neither metabolite has been
linked to T2D before because of incomplete coverage of
glycerophospholipids in recent profiling studies. Ether
linkage– containing phospholipids may act as serum antioxidants to prevent lipoprotein oxidation, thereby potentially modifying diabetes risk (37 ). Furthermore, previous targeted approaches highlighted differences in
T2D incidence with regard to linkage and composition
of fatty acid residues in glycerophospholipids (17, 21 ).
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Clinical Chemistry 61:3 (2015)

T2D is characterized by hyperglycemia resulting
from impaired insulin sensitivity and relative insulin deficiency (38 ). Because glucose is the major monosaccharide in human blood, our observation of strong positive
associations of several hexoses with T2D is in the expected direction. Adjustment for plasma glucose substantially attenuated these associations, suggesting that glucose contributes strongly to these hexoses. Furthermore,
our results may reflect the impact of hyperglycemia on
monosaccharides with the same accurately measured
m/z, e.g., fructose (3 ) and mannose (5 ).
Interestingly, we also observed an inverse association
of deoxyhexose sugars (e.g., anhydro-glucitol, deoxygalactose, deoxyglucose) with T2D. Of note, a higher
risk of T2D has been observed for increasing concentra-
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Fig. 3. ORs and 95% CIs of T2D for the comparison between highest versus lowest tertile of selected lipids; adjusted for age, BMI,
waist circumference, physical activity, smoking, education, prevalent hypertension, and consumption of alcohol, coffee, red meat,
and whole-grain bread. Œ, substudy 1; , substudy 2; ⽧, combined estimate; RT, retention time; dm, demethyl; PE,
phosphatidylethanolamine.

tions of deoxyhexose (5 ) and 3,6-anhydrogalactose (3 ).
However, Suhre et al. detected decreased concentrations
of the hexose sugar 1,5-anhydroglucitol (1,5-AG) in diabetic patients in a multiplatform metabolomics study
(5 ). Because of renal loss during hyperglycemic conditions, low concentrations of 1,5-AG can be used as a
marker of short-term glycemic control (39 ). It is possible
that this well-known metabolite contributes to the inverse association between the deoxyhexose sugar and
T2D in our own study population. Yet, 1,5-AG has been
shown to correlate strongly with Hb A1c (39 ), which is
not the case with the deoxyhexose sugar detected in our
data (Table 2).
Moreover, a sugar alcohol comprising 1-O-␤-Dglucopyranosyl-D-mannitol and/or maltitol was negatively related to T2D in our data. O-␤-D-glucopyranosylD-mannitol (Isomalt) and maltitol are widely used
sweeteners with prebiotic properties, thereby potentially
modifying obesity and diabetes risk (40 ). To our knowledge, increased concentrations of O-␤-D-glucopyranosylD-mannitol or maltitol have not been associated with a
lower risk of T2D before, but the lack of unique metabolic annotations hampers the interpretation of our findings. Importantly, the deoxyhexose sugar and the above

sugar alcohol displayed only poor correlations with glucose and other biomarkers of T2D-risk (rs ⱕ 兩0.2兩) (Table
2). Moreover, adjustment for plasma glucose did not
strongly affect the association of both metabolite groups
with T2D, suggesting that they may not solely reflect
hyperglycemia-induced metabolic shifts.
One purine nucleotide annotated as isopentenyladenosine-5⬘-monophosphate was positively associated
with T2D. This metabolite is a precursor of cytokines in
plants and bacteria (41 ). Little is known about its role in
humans, but the correlation with plasma glucose was rs ⫽
0.44, and its association with T2D lost statistical significance after adjustment for plasma glucose. Given the
structural similarity with adenosine monophosphate, this
metabolite might reflect the consequences of high glucose on nucleoside triphosphate diphosphohydrolase
(NTPDase) activity and thus on breakdown of adenosine
nucleotides (42 ).
We also observed a yet-unexplored positive association between hydroxy-methylbutenyl disphosphate and
T2D. Of note, an isomer of this metabolite, (E)-4hydroxy-3-methyl-but-2-enyl pyrophosphate (HMBPP), is
a precursor of the nonmevalonate pathway of isoprenoid
biosynthesis in the majority of human pathogens (43 ).
Clinical Chemistry 61:3 (2015) 493
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b

a

UPLC-MS (–)

UPLC-MS (–)

GlcCer(d18:0/18:0) 兩 PC(16:0/O-16:0) 兩 PC(O-14:0/18:0) 兩
PC(O-16:0/16:0) 兩 PC(16:1/dm18:1) 兩 PC(16:1/dm18:1) 兩
PC(18:2/dm16:0) 兩 PC(O-16:0/18:3) 兩 PC(O-16:0/18:3) 兩
PC(P-16:0/18:2)

GlcCer(d18:0/22:0) 兩 PC(O-14:0/22:0) 兩 PC(O-16:0/20:0) 兩
PC(O-18:0/18:0) 兩 PC(O-20:0/16:0) 兩 PC(20:1/dm18:1) 兩
PC(20:2/dm18:0) 兩 PC(22:2/dm16:0)

LysoPC(dm16:0)

525.338

842.628

786.564

860.684

811.609

896.573

416.136

378.926

214.896

219.027

320.968

203.053

271.041

199.038

367.122

m/z

Age

0.05

0.08

0.03

0.04

0.11

0.07

0.04

0.04

0.04

0.03

707

BMI

0.004

0.09

0.12

−0.05

0.27

0.05

−0.03

0.08

−0.09

−0.01

0.05

0.08

0.05

0.002

0.002 −0.08

951 −0.02

914 −0.04

988 −0.00

957

943

243

48

47

48

48

49

47

50

50 −0.10

RTb

Data on age, BMI, and SBP are based on 300 controls of the 2 substudies. For the biomarkers, analyses were restricted to 265 controls with available data.
RT, retention time; SBP, systolic BP; HDL, HDL cholesterol; TG, triglycerides; PE, phosphatidylethanolamine.

UPLC-MS (–)
UPLC-MS (–)

PC(O-20:0/O-20:0)

UPLC-MS (+)

PC(38:4) 兩 PC(36:1) 兩 PE(O-18:0/O-18:0) 兩 PE(O-20:0/O-16:0)

UPLC-MS (–)

Tetrahydroxyhexanoicacid (e.g. 2-deoxygluconate,
3-deoxyarabinohexonic acid) 兩 hexose sugar (e.g.
glucose, fructose, inositol)

UPLC-MS (+)

UPLC-MS (+)

Tetrahydroxyhexanoicacid (e.g. 2-deoxygluconate,
3-deoxyarabinohexonic acid) 兩 hexose sugar (e.g.
glucose, fructose, inositol)

PC(22:4/dm18:0) 兩 PC(O-18:0/22:5)

UPLC-MS (+)

Tetrahydroxyhexanoicacid (e.g. 2-deoxygluconate,
3-deoxyarabinohexonic acid) 兩 hexose sugar (e.g.
glucose, fructose, inositol)

UPLC-MS (+)

UPLC-MS (+)

Tetrahydroxyhexanoicacid (e.g. 2-deoxygluconate,
3-deoxyarabinohexonic acid) 兩 hexose sugar (e.g.
glucose, fructose, inositol)

UPLC-MS (+)

UPLC-MS (+)

Tetrahydroxyhexanoicacid (e.g. 2-deoxygluconate,
3-deoxyarabinohexonic acid) 兩 hexose sugar (e.g.
glucose, fructose, inositol)

Isopentenyladenosine-5’-monophosphate

UPLC-MS (–)

Deoxyhexose sugar (e.g. anhydro-glucitol, deoxygalactose,
deoxy-glucose)

Hydroxy-methylbutenyl diphosphate

UPLC-MS (+)

Platform and
ion mode

1-O-␤-D-glucopyranosyl-D-mannitol 兩 Maltitol

Metabolite

−0.01

0.01

0.08

0.06

0.03

0.12

0.13

0.14

0.14

−0.04

0.14

0.14

0.20

0.20

0.10

SBP

−0.07

−0.03

0.04

−0.02

0.01

0.04

0.44

0.52

0.64

0.27

0.58

0.56

0.46

0.07

0.14

Glc

−0.08

−0.12

0.02

0.02

0.07

0.12

0.09

0.09

0.12

0.07

0.03

0.10

0.04

0.05

0.03

Hb A1c

−0.15

−0.23

−0.07

−0.03

0.12

0.27

0.09

−0.04

0.19

−0.01

0.11

0.08

0.13

0.17

0.10

ALT

−0.08

−0.23

0.03

0.05

0.11

0.25

0.03

−0.06

0.10

−0.04

0.11

0.03

−0.01

0.20

0.13

GGT

−0.03

0.12

−0.03

0.12

0.03

−0.17

−0.02

0.06

−0.08

0.07

−0.04

−0.05

−0.17

−0.11

0.02

HDL

−0.12

−0.36

0.03

−0.10

0.06

0.31

−0.02

−0.12

−0.01

−0.07

−0.07

0.02

0.04

0.09

0.02

TG

−0.24

−0.06

−0.10

0.13

−0.01

0.21

0.07

0.06

0.04

−0.01

0.01

0.04

0.01

−0.03

−0.04

CRP

Table 2. Spearman rank-order correlation coefﬁcients for the correlation of chemically annotated metabolites with a consistent association with T2D and selected baseline
characteristics in nondiabetic participants of the EPIC-Potsdam cohort.a
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This metabolite is the most potent stimulant of human
V␥2V␦2 T cells, thereby triggering immune response.
Interestingly, certain bacteria also use HMBPP as an
isopentenyl donor to produce substituted purine derivatives such as isopentenyladenosine-5⬘-monophosphate
(44 ). To our knowledge, no such pathway exists in humans, but the correlation of 0.50 between hydroxymethylbutenyl disphosphate and isopentenyladenosine-5⬘monophosphate in our data (see online Supplemental
Table 3) points to a shared metabolic pathway or source.
The current work expands on a previous targeted
profiling approach in EPIC-Potsdam, which profited
from unambiguous chemical annotation and quantification of 127 serum metabolites in an even larger study
population (17 ). However, 75% of the covered metabolites were choline-containing phospholipids, whose close
structural and metabolic interrelationship is also reflected
by strong correlation coefficients between metabolites.
Findings of that study reinforce the utility of targeted
approaches for in-depth analysis of specific metabolic
pathways. Our untargeted approach, however, resulted
in a larger coverage of metabolites and metabolite classes.
Specifically, sugar alcohols, deoxyhexose sugars, and the
ether glycerophospholipids PC(O-20/O-20) and LysoPC(dm16:0) were not covered by the previous targeted
approach and were all inversely related to T2D in this
study. The same is true for some metabolites that were
positively associated with the end point, e.g., hydroxymethylbutenyl disphosphate and isopentenyladenosine-5⬘monophosphate. To our knowledge, the above metabolites have not been linked to diabetes incidence before
and point to an even broader range of metabolic alterations preceding T2D.
Some limitations of our study need to be acknowledged. Specifically, the UPLC-MS method applied was
limited to specific classes of metabolites, including lipophilic metabolites, and was not expected to detect all
metabolites present in human biofluids. The application
of other analytical platforms (e.g., GC-MS, nuclear magnetic resonance) and other UPLC-MS methods (e.g., hydrophilic interaction chromatography) would be appropriate to define a more global definition of metabolism in
the subjects studied. Furthermore, the applied UPLCMS system did not distinguish between metabolites with
the same accurate m/z and retention time, although it
would discriminate between metabolites with the same
m/z and a different retention time. Therefore, interpretation of our findings is challenging and mainly limited
to those molecules with unambiguous chemical annotation. Thus, further research is necessary to derive unique
metabolite identifications with high confidence. Given
the exploratory nature, our findings may allow further
targeted studies of a smaller number of biologically important metabolites or metabolite classes to be developed.

It is possible that a small number of unstable metabolites will degrade during sample collection, storage, and
processing. However, all samples were collected according to a standardized protocol and stored at ⫺196 °C
(26 ). Because of the prospective design of this study, the
future disease status had no influence on sample handling. Furthermore, plasma metabolites detected by
UPLC-TOF-MS have been shown to be stable over a
period of 13–17 years, even if stored at ⫺80 °C (45 ). We
thus believe that bias related to sample handling or storage is not the driving force behind our study findings.
Generally, untargeted metabolite profiling results in
large data sets, requiring data mining approaches to reduce the dimensionality of the data. Indeed, we applied a
strict data mining process. Because multivariate classification methods were used to select a subset of potentially
relevant metabolites whose association to T2D was then
confirmed in 2 substudies, we believe that the chance of
false-positive findings is substantially reduced. However,
because of dividing the data into 2 subpopulations, statistical power is limited. Therefore we cannot rule out the
possibility that potentially relevant disease markers have
been dismissed. The failure to replicate our recent finding
of a positive association between branched-chain amino acids and T2D in EPIC-Potsdam may be related to the above
issue (17 ), or may be caused by mass spectrometer signal
saturation. Furthermore, as biological and technical variability affects the strength of metabolite– disease associations, metabolites with high reproducibility might have
been preferentially selected.
False-positive findings are a common problem in
association studies that use data derived from highthroughput omics technologies. We aimed to deal with
this problem by randomly dividing our study population
into 2 independent subcohorts. After a first feature selection process, we retained only metabolites that were significantly associated with T2D in multivariable-adjusted
logistic regression models in both substudies (Fig. 1).
Each substudy was a separate metabolomics study, and
therefore each was independent of the other. If findings
cannot be validated in external study populations, internal validation is an often-used alternative to check for
consistency of results. Our internal validation approach is
comparable to partitioning of the data into 1 subset used
for statistical analyses (training set) and 1 complementary
subset for testing (test set). As only consistent findings
were considered, the training and test sets are exchangeable. Still, validation of findings in independent external
cohorts would be desirable.
Our study profits from a large metabolite profiling
approach to investigate metabolic alterations associated
with T2D in a prospective study population, thereby
reducing the possibility that metabolite concentrations
change as a result of the outcome. Because of the detailed
baseline phenotyping of our participants, we were able to
Clinical Chemistry 61:3 (2015) 495

adjust for a wide range of T2D risk factors. However,
only a small proportion of participants provided fasting
blood samples. If systematically linked to the disease status, fasting time or type of food eaten before blood sampling may bias metabolite– disease associations. Although such a systematic error is unlikely owing to the
prospective study design and careful matching for fasting
periods, we cannot exclude the possibility that random
variation in the most recent diet contributed to random
variation in serum metabolites and thus to a higher proportion of false-negative findings. Consequently, a restriction or control of food intake before sampling is desirable in metabolomics studies.
Because we did not match for BMI, an important
T2D risk factor, metabolites correlating with BMI might
have been preferentially selected by the applied multivariate classification methods. Indeed, the selected 206
high-ranking metabolites exhibited a mean absolute correlation with BMI of 0.11, which ranged from 0 to 0.38
(data not shown). Although weak on average, these correlations were slightly stronger then the absolute correlations of BMI with metabolites not selected by the classification methods (mean 0.05; range 0 – 0.30). These
findings do not question the validity of the ORs displayed in Figs. 2 and 3, because we adjusted for BMI in
logistic regression models. However, we cannot rule out
the possibility that potentially important metabolites
might have been dismissed by the classification-based
variable selection, owing to a higher ranking of metabolites correlating slightly more strongly with BMI.
In summary, the applied metabolomic platform detected diverse classes of metabolites, and we observed
altered serum concentrations of glycerophospholipids, a
purine nucleotide, and sugar metabolites including de-

oxyhexose sugars and sugar alcohols that preceded the
onset of overt T2D by a median of 6 years. Several of the
candidates have not been linked to T2D incidence before, which underlines the potential of untargeted
metabolomic approaches for biomarker discovery in prospective studies. Particularly, new hypotheses about T2D
pathophysiology could be generated for future external
validation.
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