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Supplementary Materials 
1. Statistical analyses 
1.1 Propensity-Score Matching (PSM) 
Propensity scores are being used in observational studies to reduce bias. In the current study, we used 
case-control matching on the propensity score. Briefly, sex-matched controls were chosen using 
propensity score matching using logistic models including age, BMI and fasting glucose. We used 1:1 
matching SAS macro to perform multivariate logistic regression to calculate and save the predicted 
probability of the dependent variable, the propensity score, for each observation in the data set. A set of 
X cases is matched to a set of Y controls in a set of X decisions. Once a match is made, the match is not 
reconsidered. That match is the best match currently available. The algorithm makes "best" matches first 
and "next-best" matches next, in a hierarchical sequence until no more matches can be made. Best 
matches are those with the highest digit match on propensity score (1, 2).  
 
1.2 Selection of lipids based on discovery cohort for validation analyses 
Selection of lipids for validation analyses were based on a combination of paired t-test and conditional 
logistic regression. Lipids that emerged significantly different between incident diabetes and controls 
(P<0.05) in either tests were included in the mass spectrometric analytical methods for validation cohort 
analyses. 
 
1.3 TAG analyses based on carbon and double bond numbers  
Triacylglycerols (TAGs) were grouped by their total carbon number and total double bond number. 
Summed concentrations of each TAG group were log-transformed and standardized to unit variance. 
TAGs were also normalized to total TAG concentration, which was subsequently log-transformed and 
standardized into unit variance. Conditional logistic regression model was employed to find their 
association with incident diabetes, adjusted for age, BMI, FPG, smoking status, drinking status, 
education, physical activity, family history of diabetes, SBP. Odds ratios and P-values were presented 
separately for TAG concentrations (Fig. 2A) and normalized TAG levels (Fig. 2B) for TAG groups 
categorized based on total carbon numbers and total double bond numbers.  
 
1.4 Lipid structural groups 
Lipids were categorized into structural groups based on fatty acyl chain properties, which were treated 
as individual entities in our subsequent bioinformatics analyses. In this study, we defined acyl chain 
lengths as follows, short: C<16; long: 16<C<22; very long: C>22 in individual fatty acid chains; while 
unsaturation degree is classified into three groups, i.e. saturated: n(C=C) = 0; mono-/di-unsaturated 
n(C=C) =1 or 2; polyunsaturated n(C=C)>3 in each fatty acid chain. The cutoffs for total carbon chain 
number and double bond number sums up depending on the number of fatty acyl moieties that each lipid 
carries (i.e. 1 for lyso-phospholipids and sphingolipids; 2 for phospholipids and DAGs; 3 for TAGs). 
Distribution of lipid structural groups in different classes of lipids analysed were illustrated in 
Supplementary Fig. 2.  
 
1.5 Logistic Regression models  
Using conditional logistic regression adjusted for age, sex, BMI, FPG, smoking status, drinking status, 
education, physical activity, family history of diabetes, SBP, 38 lipids (presented in Fig. 1) emerged with 
FDR< 0.05. 
To identify independent predictors, serum triglycerides (TGs) and 2hPG, which showed significant 
differences between cases and controls at baseline, were further adjusted in conditional logistic 
regression models. A panel of six lipid predictors including LPI16:1, PC34:3, PE38:4p (18:0p/20:4), 
TAG50:2 (16:2), TAG51:0 (17:0), TAG54:7 (22:6) was obtained. Using this lipid panel, model 
performance was presented as receiver operating characteristic curves (ROCs) (also known as c-
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statistic). A multivariate logistic regression model with established diabetes risk factors (including 
smoking status, drinking status, education, physical activity, family history of diabetes, systolic blood 
pressure, and serum triglycerides) was taken as the reference model and the matching factors were not 
included. Area under curves (AUC) for different models consisting of combinations of basic clinical 
variables, 2hPG, and lipid predictors were presented with their respective 95% CI, and DeLong’s test 
was used to compute statistical significance between different receiver operating curves (ROCs). 
Additionally, to select a panel of lipid species as predictors, penalized logistic regression analysis 
(LASSO, least absolute shrinkage and selection operator) was also performed on randomly selected 
samples (80%) from the combined data for 100 times, adjusted for smoking status, drinking status, 
education, physical activity, family history of diabetes, SBP, serum triglycerides and 2hPG. Lipid species 
that were selected by LASSO at least 50 times (50%) were chosen as the panel of predictors. In LASSO 
regression, shrinkage parameter lambda was determined by 10-fold cross-validation. A final panel of 
five lipids, i.e. LPI16:1, PE38:4p(18:0p/20:4), TAG50:2(16:2), TAG54:7(22:6), TAG55:6(19:3), was 
selected from this process. 
 
1.6 Multiscale embedded correlation network analysis using MEGENA  
Multiscale embedded correlation network analysis (using R package MEGENA) was used to illustrate 
the differential correlation between various phospahtidylethanolamines (PE), phosphatidylcholines (PC) 
and triacylglycerols (TAG) in control and incident diabetes. Differential correlation analysis was 
performed using R package DGCA. Only lipid species with differential correlation with other species 
are included (empirical P < 0.05) in the analyses. Modules were identified using Multiscale Clustering 
Analysis (MCA) on PFN algorithm in MEGENA. Sign/sign indicates direction and strength of 
correlation in control/incident diabetes, and number that follows indicates number of lipid pairs in the 
global networks exhibiting this pattern of change. For instance, bright green line +/++ 152 in the upper 
legend of the global networks indicates that correlation between two connected lipid pairs was positive + 
in controls, and the correlation became even more strongly positive ++ in incident diabetes. A total of 
152 lipid pairs connected by bright green lines in the global network displayed this pattern of change 
(+/++). 
 
2. Lipidomics profiling 
Lipids were extracted from serum (20 µL) using a modified Bligh and Dyer’s extraction procedure 
(double rounds of extraction) and dried in the SpeedVac under OH mode (3). Prior to analysis, lipid 
extracts were resuspended in chloroform: methanol 1:1 (v/v) spiked with appropriate internal standards. 
All lipidomic analyses were carried out on an Exion UPLC system coupled with a QTRAP 6500 PLUS 
system (Sciex) as described previously (4, 5). All quantification experiments were conducted using 
internal standard calibration. The run order of clinical samples were randomized during MS analysis, 
and quality control (QC) sample was injected between every 30 samples to assure that MS signal for QC 
lipids were maintained within a coefficient of variation of 12% or less throughout the analysis of entire 
clinical cohorts. 
In brief, polar lipids were separated on a Phenomenex Luna Silica 3 µm column (i.d. 150x2.0 mm) 
under the following chromatographic conditions: mobile phase A (chloroform:methanol:ammonium 
hydroxide, 89.5:10:0.5) and mobile phase B (chloroform:methanol: ammonium hydroxide: water, 
55:39:0.5:5.5) at a flow rate of 270 µL/min and column oven temperature at 25 oC. The gradient started 
with 5% of B and was held for 3 min, which was then increased to 40% of B over 9 min, and was held at 
40% for 4 min before further increasing to 70% B over 5 min. The gradient was maintained at 70% B for 
15 min before returning to 5% B over 3 min, and was finally equilibrated for 6 min. Individual polar 
lipid species were quantified by referencing to spiked internal standards including PC-14:0/14:0, d31-
PC16:0/18:1, PE14:0/14:0, d31-PE-16:0/18:1, d31-PS-16:0/18:1, PS-17:0/20:4, PA-17:0/17:0, PA-
17:0/20:4, PG-14:0/14:0, d31-PG-16:0/18:1 GluCer-d18:1/8:0, Cer-d18:1/17:0, C14:0-LBPA, d31-PI-
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16:0/18:1, S1P-d17:1, Sph-d17:1, SM-d18:1/12:0, LPC-17:0, LPE-17:0, LPI-17:0, LPA-17:0, LPS-17:0 
obtained from Avanti Polar Lipids (Alabaster, AL, USA) and PI-8:0/8:0 from Echelon Biosciences, Inc. 
(Salt Lake City, UT, USA). GM3 species were quantified using GM3 d18:1/17:0 synthesized in-house 
as an internal standard. 
Glycerol lipids including diacylglycerols (DAG) and triacylglycerols (TAG) were quantified using a 
modified version of reverse phase HPLC/MRM (6). Separation of neutral lipids were achieved on a 
Phenomenex Kinetex-C18 2.6 µm column (i.d. 4.6x100 mm) using an isocratic mobile phase containing 
chloroform:methanol:0.1 M ammonium acetate 100:100:4 (v/v/v) at a flow rate of 170 µL for 17 min. 
Levels of short-, medium-, and long-chain TAGs were calculated by referencing to spiked internal 
standards of TAG(14:0)3-d5, TAG(16:0)3-d5 and TAG(18:0)3-d5 obtained from CDN isotopes, 
respectively. DAGs were quantified using d5-DAG16:0/16:0 and d5-DAG18:1/18:1 as internal 
standards (Avanti Polar Lipids). Free cholesterols and cholesteryl esters were analysed as described 
previously with d6-cholesterol and d6-C18:0 cholesteryl ester (CE) (CDN isotopes) as internal standards 
(7). 
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Supplementary Figure S1. Schematic diagram illustrates the study design adopted. 
The discovery phase of the study was conducted in 100 randomly selected incident diabetes from the 
Shanghai center, and 100 sex-matched normoglycemic controls were selected from the same center 
using propensity-score matching (PSM) with a logistic model that includes age, body mass index and 
fasting plasma glucose. A multi-center validation study was conducted in 362 incident diabetes and 362 
PSM-matched normoglycemic controls recruited from five centers spanning different geographical 
regions of China. Using multivariate model adjusted for age, sex, body mass index, smoking status, 
education, physical activity, family history of diabetes, fasting plasma glucose and systolic blood 
pressure, a panel of 38 lipids were consistently found to associate with incidence of diabetes with 
FDR<0.05 in both discovery cohort and validation cohort. A preliminary study was carried out in 87 
NGR and 87 IGR individuals selected from the Shanghai center. NGR: normal glucose regulation; IGR: 
impaired glucose regulation 
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Supplementary Figure S2. Venn diagram displays the number of lipid species quantified in the 
discovery and validation cohorts. 
(A). Doughnut plots illustrate the distribution of fatty acyl chain lengths (B-C) and carbon unsaturation 
bonds (D-E) in lipid species from various classes analyzed in the discovery (B, D) and validation (C, E) 
cohorts, respectively. The number of species was plotted on a log-scale. Short: C<16; Long: 16<C<22; 
Very long: C>22 in each fatty acid chain. Saturated: n(C=C) = 0; Mono-/di-unsaturated n(C=C) =1 or 2; 
Polyunsaturated n(C=C)>3 in each fatty acid chain. 
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Supplementary Figure S3. Lipid profiling and risk of impaired glucose regulation (IGR) 
Multivariable-adjusted odds ratios (ORs) for incident IGR per one standard deviation (SD) increment 
and 95% confidence interval (CI) of 38 lipids that emerged significant (FDR<0.05) in both discovery 
and validation cohorts. Multivariate model is adjusted for age, sex, body mass index, smoking status, 
drinking status, education, physical activity, family history of diabetes, fasting plasma glucose and 
systolic blood pressure. *P<0.05; **P<0.01 
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Supplementary Figure S4. Lipid markers selected by penalized logistic regression analysis 
(LASSO) and receiver operating curves (ROC) for risk of future diabetes in the discovery and 
validation cohorts 
Using least absolute shrinkage and selection operator (LASSO), a panel of five lipids was selected from 
38 lipids that were consistently associated with incidence of diabetes in both discovery and validation 
cohorts (FDR<0.05). The five lipids include LPI16:1, PE38:4p(18:0p/20:4), TAG50:2(16:2), 
TAG54:7(22:6) and TAG55:6(19:3). Plots of area under curves (AUC) and 95%CI from logistic 
regression analysis of basic clinical variables (reference model), lipid markers, as well as combinations 
of reference model, lipid markers and 2hPG were illustrated. The reference model included smoking 
status, drinking status, education, physical activity, family history of diabetes, systolic blood pressure 
and serum triglycerides. 2hPG: 2 hour postprandial glucose. 
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Supplementary Table S1. AUROC and P values of DeLong's test of the prediction model of the lipids panel. 
 

  AUROC P values of DeLong's test 

  Estimate 95%CI Ref Lipids Ref+Lipids Ref+2hPG 

Ref 0.664 0.589 - 0.739     

Lipids 0.726 0.657 - 0.796 0.177    

Ref+Lipids 0.764 0.698 - 0.829 0.004 0.064   

Ref+2hPG 0.710 0.638 - 0.782 0.391 0.748 0.279  

Discovery 

Ref+2hPG+Lipids 0.781 0.718 - 0.844 0.020 0.252 0.705 0.016 

Ref 0.693 0.655 - 0.731     

Lipids 0.614 0.574 - 0.655 0.006    

Ref+Lipids 0.717 0.680 - 0.754 0.037 2.67E-4   

Ref+2hPG 0.698 0.661 - 0.736 0.437 0.003 0.144  

Validation 

Ref+2hPG+Lipids 0.722 0.686 - 0.759 0.018 1.16E-4 0.319 0.028 

 

The reference model included smoking status, drinking status, education, physical activity, family history of diabetes, systolic blood pressure and serum 

triglycerides. AUROC: area under receiver operating curves; 2hPG: 2 hour postprandial glucose. 
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Supplementary Table S2. AUROC and P values of DeLong's test of the prediction model using penalized logistic regression analysis. 
 
  AUROC P values of DeLong's test 

  Estimate 95%CI Ref Lipids Ref+Lipids Ref+2hPG 

Ref 0.664 0.589 - 0.739     

Lipids 0.744 0.676 - 0.812 0.080    

Ref+Lipids 0.780 0.716 - 0.843 0.002 0.055   

Ref+2hPG 0.710 0.638 - 0.782 0.391 0.500 0.157  

Discovery 

Ref+2hPG+Lipids 0.794 0.733 - 0.855 0.009 0.284 0.749 0.009 

Ref 0.693 0.655 - 0.731     

Lipids 0.617 0.576 - 0.657 0.007    

Ref+Lipids 0.716 0.679 - 0.753 0.041 3.81E-4   

Ref+2hPG 0.698 0.661 - 0.736 0.437 3.86E-4 0.156  

Validation 

Ref+2hPG+Lipids 0.724 0.687 - 0.761 0.014 1.23E-4 0.186 0.020 

 

The reference model included smoking status, drinking status, education, physical activity, family history of diabetes, systolic blood pressure and serum 

triglycerides. AUROC: area under receiver operating curves; 2hPG: 2 hour postprandial glucose. 
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Supplementary Table S3. Characteristics of studies investigating associations of lipids and type 2 diabetes 
 
Reference Study population 

location 
Study design N, follow-up time Key findings  

Rhee et al., 2011, 
J Clin Invest 

FHS Offspring, 
U.S 

Nested case-
control 

378 (189 no diabetes/189 T2D), 12 yrs Increased risk with DM: TAGs of lower carbon no. and 
double bond, LPEs 18:2, SM 22:0, PC 36:2, PC 34:2 
Decreased risk with DM: TAGs of higher carbon no. 
and double bond, LPC 22:6, PC 38:6 

Wang-Sattleretal et 
al., 2012, 
Mol Sys Biol 

KORA, 
Germany 

Cohort, 
prospective, 
population 
based 

876 no diabetes at baseline/91 incident T2D, 
7 yrs; 641 NGT at baseline/118 incident IGT, 
7 yrs; 
replicated in EPIC-Potsdam: 1,386 (1,253 
NGT/133 T2D at baseline) 

Lower levels of LPC 18:2 were found to be predictors 
not only for IGT but also for T2D 
PC32:1 was associated with increased risk of IGR and 
T2D 
Acetylcarnitine C2 was not observed to be a predictor 
for incident IGT or T2D 

Ferrannini et al., 2013, 
Diabetes 

RISC, Europe 
Botnia, Finland 

Cohort, 
population 
based 

1,261 no diabetes/123 incident IGT, IFG, or 
T2D, 3 yrs 
2,580 no diabetes /151 incident T2D, 9.5 yrs 

L-GPC was a negative predictor of dysglycemia 
(RISC) or DM (Botnia)  

Floegel et al., 2013, 
Diabetes 

EPIC-Potsdam, 
Germany 

Case cohort 2,282 no diabetes/800 incident T2D, 7 yrs 
replicated in KORA cohort: 876 no 
diabetes/91 incident T2D, 7yrs,  

Increased risk with DM: diacyl-PC (32:1, 36:1, 38:3, 
40:5), propionylcarnitine 
Decreased risk with DM: SM 16:1, LPC 18:2, acyl-
alkyl-PC (34:3, 40:6, 42:5, 44:4, 44:5) 

Drogan et al., 2015, 
Clin Chem 

EPIC-Potsdam, 
Germany 

Nested case-
control 

600 (300 no diabetes/300 T2D), 6 yrs 
 

Increased risk with DM: PC 18:0, PC22:5, PC38:4, 
PC36:1, PE 18:0, PE 20:0, PE 16:0 

Zhao et al., 2015, 
Diabetes Care 

SHFS, U.S. 
Native American 

Nested case-
control 

431 (298 no diabetes/133 T2D), 5.5 yrs Decreased risk with DM: PC 22:6, PC 20:4 

Lu et al., 2016, 
Diabetologia 

SCHS, Singapore 
Chinese 

Nested case-
control 

394 (197 no diabetes/197 T2D), 6 yrs Increased risk with DM: LPI (16:1, 18:1, 18:2, 20:3, 
20:4 and 22:6) 
Decreased risk with DM: acylcarnitine C10 

Qiu et al., 2016 
Int J Epidemiol 

DFTJ, JSNCD, 
China 

Nested case-
control 

2,078 (1039 no diabetes/1039 T2D), 4.6 yrs; 
1,040 (520 no diabetes/520 T2D), 7.6 yrs 

Increased risk with DM: palmitoylcarnitine 

Sun et al., 2016 
Diabetes Care 

NHAPC 
China 

Cohort, 
prospective, 
population 
based 

2,103 no diabetes/507 T2D, 6 yrs A panel of acylcarnitines predicted T2D beyond 
conventional risk factors 

Razquin et al., 2018 
Diabetes Care 

PREDIMED 
cohort 
Spain 

Case cohort 692 (639 no diabetes and 53 overlapping 
diabetes)/250 incident T2D, 3.8 yrs 

Increased risk with DM: TAGs, DAGs, and PEs 
Decreased risk with DM: LPs, PC-PLs, SMs, and CEs 
TAGs with odd-chain fatty acids showed inverse 
associations with T2D after adjusting for total TAGs 

Merino et al., 2018 
Diabetologia 

FHS Offspring, 
U.S 

Cohort, 
prospective, 
population 
based 

1,150 normal fasting glucose/95 incident 
T2D, 20 yrs 

19 metabolites predicted T2D beyond conventional 
T2D risk factors (SM 24:0, DAG 36:1, TAG 58:11, 5-
Hydroxyindoleacetic acid, PC 36:4, 3-Methyladipic 
acid, D-Glucose, 2-Aminodipate, Isocitrate, L- 
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Phenylalanine, LPC 18:2, Glycine, TAG 52:1, LPC 
18:1, TAG 48:1, TAG 48:0, CE 20:3, Taurine, TAG 
54:8) 
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