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Background The oral glucose tolerance test (OGTT) is a standard diagnostic method to determine both diabetes mellitus (DM) and impaired

glucose tolerance (IGT) as a pre-diabetic state that might persist for years in advance of DM. The OGTT has become progressively unpopular as

it is time-consuming and expensive. Yet, it is the only way to diagnose IGT. To improve patient care in terms of convenience and diagnostic

safety, metabolomic profiling studies related to diabetes-associated health problems and IGT have lately become of particular interest. Recent

studies have revealed diverse small molecules (metabolites) related to type 2 DM (T2DM) or pre-diabetes. Furthermore, several metabolites in

blood plasma have been reported to predict early dysglycemia, but little is yet known about respective urinary metabolites and in particular the

combination of both.

Objective The present study intended to address the identification of specific metabolic signatures potentially able to predict the outcome of

the OGTT using targeted and non-targeted metabolomic approaches.

Conclusion The present analysis provides a comprehensive overview of

metabolites associated with the outcome of the OGTT. Participants with

IGT can be divided into two clusters based on their metabolic fingerprint

associated with the OGTT outcome. The best prediction of OGTT results

was obtained using metabolic traits in combination with clinical features.

Future studies are needed to explore the potential value of our prediction

models in daily practice.
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• SHIP-Trend: 1000 participants chosen for metabolomics analysis

• Exclusion criteria: missing OGTT values or confounding variables,

newly diagnosed DM, fasting time < 8h

• 827 subjects in final analysis

• comprehensive metabolomics data for plasma and urine samples:
1H-NMR spectroscopy and mass spectrometry including the

plasma lipoprotein profile

• Statistical analysis: linear regression models, principle component

analysis (PCA)

Figure 1. Standardized β-estimates with 95%-confidence intervals from linear
regression analysis predicting either 2-hour glucose (squares) or insulin (circles)
concentrations with plasma metabolites. 99 metabolites showed significant positive
or inverse associations with 2-hour glucose and/or insulin levels. These included
metabolites known to be related to (pre-)diabetes such as BCAAs, acylcarnitines and
fatty acids, but also novel small molecules e.g. a fragment of complement factor 3,
several unkowns, bilirubin, L-urobilin and kynurenine.
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Figure 2. Results from k-means clustering of participants with impaired glucose tolerance (2h
glucose: 7.8 mmol/L – 11.1 mmol/L). Upper left: Scoreplot of the first two principal components
based on the plasma metabolites significantly associated with either 2-hour glucose or insulin
response in linear regression analyses. Two clusters of subjects were identified with distinctive
fatty acid signatures. The clusters did not differ significantly in fasting plasma glucose, HbA1c,
insulin resistance (HOMA-IR) or inflammation status (CRP) however in their response to the
OGTT (2h-glucose). One cluster was characterized by elevated baseline levels of a number of
(un-)saturated fatty acids being long- or medium-chained and several acylcarnitines.

 Summary on predictors selected for the final classification scheme discriminating impaired glucose tolerance. 

Clinical Traits    Metabolites    Combined   

Variable Score OR (95%-CI)  Variable Score OR (95%-CI)  Variable Score OR (95%-CI) 

Fasting glucose 0.77 2.49 (2.06;3.03)  Alanine 0.77 1.63 (1.36;1.97)  Alanine 0.81 1.63 (1.36;1.97) 

hsCRP 0.75 1.56 (1.31;1.85)  lysoPC a C18:2 0.77 0.55 (0.45;0.65)  Fasting glucose 0.81 2.49 (2.06;3.03) 

Age 0.62 2.07 (1.70;2.53)  Asparagine 0.54 0.71 (0.59;0.84)  Age 0.78 2.07 (1.70;2.53) 

HOMA-IR 0.49 2.20 (1.84;2.67)  X - 17357 0.43 1.55 (1.31;1.85)  lysoPC a C18:2 0.60 0.55 (0.45;0.65) 

Current smoking 0.33 0.63 (0.48;0.78)  3-methyl-2-oxobutyrate 0.38 1.89 (1.57;2.30)  HbA1c 0.49 1.81 (1.51;2.20) 

    hexanoylcarnitine 0.36 1.79 (1.49;2.17)  trigonelline 0.46 0.75 (0.63;0.90) 

    X - 17359 0.33 1.75 (1.47;2.11)  laurate (12:0) 0.40 1.59 (1.33;1.90) 

        3-methyl-2-oxobutyrate 0.32 1.89 (1.57;2.30) 

OR (95%-CI) = crude odds ratio per standard deviation increase for impaired glucose tolerance with 95%-confidence interval; Score = defined as average area under 
the curve in the final classification loop in case the variable was included (see Methods); ALT = alanine aminotransferase; HOMA-IR = homeostatic model assessment 
of insulin resistance; hsCRP = high-sensitivity C-reactive protein 

 Figure 3. Three types of models were established being
predictive for IGT consisting of either clinical or metabolic
predictors as well as a combination of both. Models relying on
either clinical variables or metabolites showed comparative
performance whereas the combination of both data sets
indicated a significant improvement of prediction.


