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ABSTRACT
Introduction We evaluated whether concentrations of 
serum acylcarnitines and amino acids are associated with 
risk of type 2 diabetes and can improve predictive diabetes 
models in an Asian population.
Research design and methods We used data from 
3313 male and female participants from the Singapore 
Prospective Study Program cohort who were diabetes- 
free at baseline. The average age at baseline was 48.0 
years (SD: 11.9 years), and participants were of Chinese, 
Malay, and Indian ethnicity. Diabetes cases were identified 
through self- reported physician diagnosis, fasting glucose 
and glycated hemoglobin concentrations, and linkage to 
national disease registries. We measured fasting serum 
concentrations of 45 acylcarnitines and 14 amino acids. 
The association between metabolites and incident diabetes 
was modeled using Cox proportional hazards regression 
with adjustment for age, sex, ethnicity, height, and parental 
history of diabetes, and correction for multiple testing. 
Metabolites were added to the Atherosclerosis Risk in 
Communities (ARIC) predictive diabetes risk model to 
assess whether they could increase the area under the 
receiver operating characteristic curve (AUC).
Results Participants were followed up for an average 
of 8.4 years (SD: 2.1 years), during which time 314 
developed diabetes. Branched- chain amino acids (HR: 
1.477 per SD; 95% CI 1.325 to 1.647) and the alanine 
to glycine ratio (HR: 1.572; 95% CI 1.426 to 1.733) were 
most strongly associated with diabetes risk. Additionally, 
the acylcarnitines C4 and C16- OH, and the amino acids 
alanine, combined glutamate/glutamine, ornithine, 
phenylalanine, proline, and tyrosine were significantly 
associated with higher diabetes risk, and the acylcarnitine 
C8- DC and amino acids glycine and serine with lower risk. 
Adding selected metabolites to the ARIC model resulted in 
a significant increase in AUC from 0.836 to 0.846.
Conclusions We identified acylcarnitines and amino 
acids associated with risk of type 2 diabetes in an Asian 
population. A subset of these modestly improved the 
prediction of diabetes when added to an established 
diabetes risk model.

INTRODUCTION
Type 2 diabetes mellitus is a significant public 
health challenge, with prevalence rates 
increasing globally as a result of urbanization, 
reduced physical activity, changing dietary 
patterns, and increasing obesity.1 Over 60% 

of all diabetes cases occur in Asia. Individ-
uals of Asian ethnicity experience a higher 
risk of diabetes, as ethnic predisposition has 
been observed to interact with other known 
risk factors such as age and body mass index 
(BMI).2 3 However, prospective studies of inci-
dent diabetes often do not include partici-
pants of Asian ethnicity or consider ethnic 
differences.

Metabolomics—the targeted or untar-
geted analysis and profiling of components 
of the metabolic pathway—is emerging as 
a useful method to better understand the 
pathogenesis and improve the prediction of 
type 2 diabetes.4 Metabolomics studies have 

Significance of this study

What is already known about this subject?
 ► Metabolomics studies can identify potential bio-
markers of insulin resistance and type 2 diabetes, 
but data from Asian populations are limited.

What are the new findings?
 ► A panel of serum acylcarnitines (C4, C8- DC, and 
C16- OH) and amino acids (alanine, glutamate, gluta-
mine, glycine, isoleucine, leucine, ornithine, phenyl-
alanine, proline, tyrosine, valine, and the alanine to 
glycine ratio) were associated with type 2 diabetes 
risk in an Asian population.

 ► A subset of these metabolites modestly improved di-
abetes risk prediction when added to an established 
risk function.

 ► The associations between alanine and tyrosine and 
diabetes risk may be partly mediated by glucose 
metabolism, and those of glutamate and glutamine 
and diabetes risk by central adiposity.

How might these results change the focus of 
research or clinical practice?

 ► Selected acylcarnitines and amino acids may play a 
role in the development of type 2 diabetes and could 
be potential therapeutic targets.

 ► Further research is required to evaluate whether 
these novel biomarkers provide a clinically signifi-
cant improvement in diabetes risk prediction.
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identified several compounds, including acylcarnitines 
and amino acids, that are associated with insulin resis-
tance and incident type 2 diabetes.4 5 However, data from 
Asian populations are sparse. Previous studies using 
targeted metabolomics analysis have implicated amino 
acid and acylcarnitine signatures associated with future 
risk of type 2 diabetes in Asian populations.6 7 In addi-
tion, a panel of amino acids were associated with insulin 
resistance independent of BMI in a population of ethnic 
Chinese and Indians.8

The aim of this study was therefore to conduct metabo-
lomics analyses to identify risk factors for type 2 diabetes 
in a multiethnic Asian population. We measured a panel 
of circulating acylcarnitines and amino acids using 
targeted metabolomics and evaluated their association 
with incident diabetes. We also evaluated whether adding 
these biomarkers to the established Atherosclerosis Risk 
in Communities (ARIC) predictive diabetes model9 
would improve the prediction of diabetes.

RESEARCH DESIGN AND METHODS
Study population and design
The study population consisted of participants from the 
Singapore Prospective Study Program (SP2). The meth-
odology of SP2, a population- based study conducted in 
Singapore between 2004 and 2007, has been previously 
described in detail.10 Briefly, recruited individuals had 
participated in any of four previous, population- based, 
cross- sectional surveys: the Thyroid and Heart Study 
1982–1984,11 the National Health Survey 1992,12 the 
National University of Singapore Heart Study 1993–
1995,13 and the National Health Survey 1998.14 Partici-
pants were contacted at their homes for an interview 
and health examination. The interview consisted of stan-
dardized questionnaires on lifestyle factors and medical 
history, while the health examination included physical 
measurements and collection of fasting blood samples. 
The health examination did not include thyroid or liver 
function tests, or measures of blood urea nitrogen. Of 
the 11 053 original participants of the four studies, 10 
445 were eligible for SP2. The 517 original participants 
who had died, 6 who had emigrated, and 85 who had 
recorded an error in identity card during the original 
study were considered ineligible. There were 7742 partic-
ipants who completed the questionnaire, of whom 5157 
subsequently participated in the health examination. The 
main reason for non- response was being uncontactable 
during the study period (n=2673), with a smaller portion 
having refused to participate (n=30). For this study, rele-
vant baseline data, including sociodemographic informa-
tion, measures of glycemic control, and serum metabolite 
measurements, were available for 4451 participants.

Since the outcome of interest was incident diabetes, 
further exclusion of participants was based on diabetes 
status at baseline. Of the 4451 participants, 431 reported 
having diabetes at baseline. Additionally, 159 participants 
were classified to have undiagnosed diabetes based on their 

baseline fasting plasma glucose (FPG ≥7.0 mmol/L) and/
or baseline glycated hemoglobin (HbA1c ≥6.5%; 48 mmol/
mol) measurements.15 Furthermore, 419 participants did 
not provide consent for their diabetes status to be tracked 
over time, leaving 3442 participants available for the study at 
baseline. A follow- up examination was conducted between 
2011 and 2016, which also consisted of both an interview 
at home and a health examination. Of the baseline partici-
pants, 129 were lost to follow- up, leaving 3313 participants 
with revisit and diabetes outcome data.

Assessment of incident diabetes
Diabetes assessment over the course of the follow- up 
period was based on one or more of the following 
criteria: self- reported physician diagnosis of diabetes 
during follow- up interview, FPG (≥7.0 mmol/L) or HbA1c 
(≥6.5%; 48 mmol/mol) concentrations, or diabetes diag-
nosis reported in a nationwide health database covering 
subsidized general practitioners, polyclinics, and public 
hospitals, and updated on a regular basis. The dates of 
diagnosis through any of these three criteria were linked 
with initial SP2 interview date to calculate time- to- event.

Assessment of serum metabolites
For extraction of acylcarnitines and amino acids, 50 µL 
of serum was spiked with deuterium- labeled acylcarni-
tine and amino acid standards, including D3- C2, D3- C3, 
D3- C4, D9- C5, D3- C8, and D3- C16 carnitines (Cambridge 
Isotope Laboratories, Andover, Massachusetts, USA), and 
alanine- D4, arginine- D5, citrulline- D2, glutamic acid- D3, 
glycine- D2, histidine- D6, leucine- D3, methionine- D3, 
ornithine- D2, phenylalanine- D5, proline- D7, serine- D3, 
tryptophan- D5, and valine- D8 (Sigma Aldrich, USA). 
The mixture was extracted using methanol. The extracts 
were then derivatized with 3M hydrochloric acid in meth-
anol or butanol (Sigma Aldrich), respectively, dried, 
and reconstituted in methanol for analysis in liquid 
chromatography- mass spectrometry (LC- MS).

Acylcarnitine measurements were performed without 
a column, using flow injection tandem mass spectrom-
etry on the Agilent 6430 Triple Quadrupole LC/MS 
System (Agilent Technologies, California, USA). The 
sample analysis was carried out at 0.4 mL/min of 80/20 
methanol/water as mobile phase, and injection of 4 µL 
of sample. Data acquisition and analysis were performed 
on Agilent MassHunter Workstation V.B.06.00 soft-
ware. Amino acids were separated using a C18 column 
(Phenomenex, 100×2.1 mm, 1.6 µm, Luna Omega) on 
an Agilent 1290 Infinity LC System (Agilent Technol-
ogies) coupled with quadrupole- ion trap mass spec-
trometer (QTRAP 5500, AB Sciex, DC, USA). Mobile 
phase A (water) and mobile phase B (acetonitrile), 
both containing 0.1% formic acid, were used for chro-
matography separation. The LC run was performed at 
a flow rate of 0.4 mL/min with initial gradient of 2% B 
for 0.8 min, then increased to 15% B in 0.1 min, 20% 
B in 5.7 min, 50% B in 0.5 min, and 70% B in 0.5 min, 
followed by re- equilibration of the column to the initial 
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run condition of 2% B for 0.9 min. All compounds were 
ionized in positive mode using electrospray ionization. 
The chromatograms were integrated using MultiQuant 
V.3.0.3 software (AB Sciex).

Absolute quantification of both acylcarnitines and 
amino acids was done by comparing the ratios of the 
metabolites with their respective internal standards, 
against an external calibration curve. External calibration 
curves consisted of C2, C3, C4, C5, C6, C8, C10, C12, C14, 
C16, and C18 carnitines and all reported amino acids.

Quality control (QC) was performed on the metabo-
lite data prior to statistical analysis. To reduce potential 
batch effect, data were log2- transformed and normalized 
in two steps: first by adjusting the intensity levels of each 
metabolite according to the QC sample runs in each batch, 
and second by equalizing the average log2 concentration 
across the batches. Next, all metabolites with a coeffi-
cient of variation (CV)% of more than 20% for duplicate 
measurements were excluded from further analysis. The 
proportion of values either missing or below the limit of 
detection was determined for each remaining metabo-
lite, and all metabolites with more than 5% missing data 
were also excluded from further analysis. Finally, missing 
values for the remaining metabolites were imputed using 
k- nearest neighbor imputation, whereby missing values for 
a given metabolite were replaced with an average of the 
non- missing values for that metabolite from participants 
similar in terms of the other variables. See online supple-
mental table 1 for detailed QC metrics for each metabolite.

Prior to QC, the metabolite panel consisted of 59 
metabolites: 45 acylcarnitine and 14 amino acid measure-
ments. As no column separation was used for the acyl-
carnitine analysis, certain pairs of isomeric acylcarnitines 
were reported as the sum of both species. Isoleucine and 
leucine, and glutamate and glutamine, were similarly 
measured in aggregate. Following QC, 37 acylcarnitines 
and all 14 amino acids remained available for analysis. 
Five acylcarnitine measurements, namely the C12- OH/
C10- DC, C18:1- OH/C16:1- DC, and C18- OH/C16- DC 
aggregate measures, in addition to C4- OH and C22, were 
removed due to having a CV% greater than 20%. Three 
more, namely C5, C8:1- DC, and the C8:1- OH/C6:1- DC 
aggregate, were removed due to having too many values 
either missing or below the limit of detection.

The 37 remaining acylcarnitine measurements were 
combined into three functional groups based on chain 
length: short chain (species with carbon chain length 8 
or shorter), medium chain (10–14) and long chain (16 
or longer). Similarly, certain amino acids were combined 
into two functional groups: aromatic amino acids and 
branched- chain amino acids. Additionally, we examined 
the Fischer ratio (ratio of the sum of isoleucine, leucine, 
and valine to the sum of tyrosine and phenylalanine) and 
the ratio of alanine to glycine, two established metabolite 
ratios associated with diabetes.16 17 Online supplemental 
table 2 provides details of the full metabolite panel, func-
tional groupings, and ratios, including those metabolites 
excluded from statistical analysis.

Assessment of covariates
Covariates in this study included age (years), sex (male/
female), ethnicity (Chinese/Malay/Indian), height (cm), 
waist circumference (cm), parental history of type 2 
diabetes (yes/no), systolic blood pressure (SBP, mm Hg), 
FPG (mmol/L), serum triglycerides (TG, mmol/L), high- 
density lipoprotein (HDL)- cholesterol (mmol/L), and 
fasting insulin (mU/L). Ethnicity was based on participants’ 
national identity cards and recorded as one of three cate-
gories representing the three main ethnic groups in Singa-
pore, namely Chinese, Malay, and Indian; participants of 
mixed ethnicity were categorized as the primary ethnicity 
listed on their identity card. Height was measured without 
shoes and with the head in the Frankfurt plane position 
using a portable stadiometer (SECA, Model 782-2321009; 
Vogel & Halke, Hamburg, Germany). Waist circumference 
at the midpoint between the last rib and the iliac crest was 
measured using stretch- resistant tape. SBP was measured 
twice using the Dinamap Carescape Monitor (Woodley 
Equipment, Horwich, Bolton, UK) and the average of 
the two values was used for analysis. Blood samples were 
analyzed on the day of collection for FPG, TG, HDL- 
cholesterol, and fasting insulin at the biochemistry labora-
tories of the National University Hospital and Singapore 
General Hospital. Measurements were calibrated between 
the two sites and the calibrated values used for analysis. See 
online supplemental table 3 for detailed methodology and 
QC metrics for biosample analysis.

Data on additional variables of potential interest in rela-
tion to diabetes incidence were also collected during the 
SP2 interview and health examination. These included 
BMI (kg/m2), serum creatinine (µmol/L), regular use 
of lipid- lowering or blood pressure- lowering medication 
(yes/no), and daily intake of the key nutrients carbohy-
drates, protein, total fat, saturated fat, monounsaturated 
fat, and polyunsaturated fat (% of total energy).

Statistical analysis
Metabolite data were first log2- transformed to test 
various metabolite ratios in our data set using the p- gain 
statistics, which determines whether a ratio of metabo-
lites contains more information than the constituent 
metabolites alone.18 The significance level for the p- gain 
test was set at 0.05. Concentrations were then exponenti-
ated back to their original value to be standardized and 
converted into Z- scores. The ratios were also standard-
ized and converted to Z- scores for consistency of inter-
pretation. The association between metabolites and time 
to diabetes development was modeled using Cox regres-
sion. Two models were used for the main analysis: an 
unadjusted model, and a multivariable model adjusting 
for the non- modifiable risk factors age, sex, ethnicity, 
height, and parental history of diabetes. β- values from 
the models were exponentiated to produce HR. Each 
metabolite, aggregate pair, or ratio was evaluated in both 
models, and multiple testing correction was applied to 
all results using the Benjamini- Hochberg procedure, 
controlling the false discovery rate at an α- value of 0.05.

https://dx.doi.org/10.1136/bmjdrc-2020-001315
https://dx.doi.org/10.1136/bmjdrc-2020-001315
https://dx.doi.org/10.1136/bmjdrc-2020-001315
https://dx.doi.org/10.1136/bmjdrc-2020-001315
https://dx.doi.org/10.1136/bmjdrc-2020-001315
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Several additional Cox regression models were devel-
oped for secondary analyses in order to assess the impact 
of modifiable risk factors on the observed associations 
and to explore potential biological mechanisms under-
lying the development of diabetes. For these analyses, 
the multivariable Cox model used in the main analysis 
was further adjusted for SBP, waist circumference, levels 
of blood lipids (TG and HDL- cholesterol), and levels of 
glycemic markers (FPG and fasting insulin).

Metabolites that remained significantly associated with 
incident diabetes in the main multivariable model were 
identified as potential biomarkers and incorporated into 
the ARIC risk model to determine whether they could 
improve predictive ability. The ARIC model was selected 
for this study based on a previous investigation by Chin 
et al,19 in which the ARIC model was shown to better 
predict diabetes risk in the Singapore population than 
the San Antonio Health Study model and the Fram-
ingham model. In addition to sociodemographic factors, 
the ARIC model includes the risk factors waist circumfer-
ence, SBP, FPG, TG, and HDL- cholesterol. In accordance 
with the binary way in which ethnicity is identified in 
the ARIC model, participants belonging to the minority 
Malay and Indian ethnic groups were combined into a 
single ‘non- Chinese’ category during risk prediction.

Predictive ability was assessed using area under the 
receiver operating characteristic curve (AUC), with 95% 
CI for model AUC estimated using the DeLong method for 
correlated receiver operating characteristic curves. Metab-
olites were individually added to the ARIC model, and a 
final, parsimonious model was identified using a back-
ward stepwise approach. An ARIC model was constructed 
containing all potential biomarkers, with subsequent 
models removing metabolites according to the lowest 
β- value, until a final model yielding the most improved 
predictive value with the best model fit was identified. 
Models were trained on a randomly selected half of the 
data set and tested on the other, and model calibration and 
goodness of fit were assessed using the Akaike information 
criterion (AIC). As a secondary analysis, models were also 
assessed in terms of their net reclassification improvement 
indices, which illustrate the ability of successive predictive 
models to accurately reclassify cases and non- cases. Finally, 
sensitivity analyses were conducted using the participants 
of Chinese ethnicity to identify potential ethnic differences 
in diabetes prediction. All analyses were performed using R 
V.3.5.1 (R Core Team, Vienna, Austria).

RESULTS
Of the 3313 study participants in the revisit, 314 (9.5%) 
developed incident diabetes during follow- up. The mean 
(SD) duration of follow- up was 8.4 (2.1) years. Table 1 
summarizes the sociodemographic and clinical charac-
teristics of the study population according to diabetes 
development. Participants who developed diabetes were 
significantly older, shorter, had a greater waist circum-
ference and BMI, were more likely to have a parental 

history of diabetes, and were more likely to be taking 
lipid- lowering and blood pressure- lowering medication 
at baseline as compared with non- cases. They also had 
higher SBP, FPG, TG, fasting insulin, serum creatinine, 
and HbA1c concentrations, and lower HDL- cholesterol 
concentrations. A higher proportion of cases were of 
Malay or Indian ethnicity as compared with non- cases, 
who were more likely to be of Chinese ethnicity.

Table 2 shows the association between metabolite 
concentrations and incident diabetes after adjustment 
for age, sex, ethnicity, height, and parental history of 
diabetes (see online supplemental table 4 for unadjusted 
associations). In the multivariable model, three acylcarni-
tines (C4, C8- DC, and C16- OH), 10 amino acid measure-
ments (alanine, glutamate/glutamine, glycine, isoleucine/
leucine, ornithine, phenylalanine, proline, serine, tyrosine, 
and valine), and the alanine to glycine ratio, as well as the 
sum molar of the aromatic and branched- chain groups, 
were significantly associated with incident diabetes. Of 
these metabolites, C8- DC, glycine, and serine were inversely 
associated with diabetes risk, whereas the other metabolites 
were directly associated with diabetes risk.

To investigate the collinearity of the statistically signifi-
cant biomarkers, which could potentially cause model 
overfitting, we generated a heatmap of the pairwise partial 
correlations between the biomarkers, controlling for 
other diabetes risk factors (figure 1; see online supple-
mental figure 1 for unadjusted correlations). The highest 
degree of collinearity occurred among the branched- chain 
amino acids isoleucine/leucine and valine (r=0.866). The 
branched- chain species were also moderately correlated 
with phenylalanine (isoleucine/leucine r=0.687, valine 
r=0.644). The pairwise correlations among the remaining 
biomarkers were not strong (r for all <0.600).

We also evaluated whether the observed associations 
between metabolites and diabetes incidence could be 
explained by established diabetes risk factors that may 
act as mediators (table 3). Building on the multivariable 
Cox model used for the main analysis, four models were 
constructed additionally adjusting for SBP, waist circumfer-
ence, blood lipids (TG and HDL- cholesterol), or glycemic 
markers (FPG and fasting insulin). Attenuation of asso-
ciations was defined as a change in the β- value of at least 
10% toward the null. Addition of SBP to the model did not 
substantially attenuate any of the associations. Adjustment 
for waist circumference attenuated associations for gluta-
mate/glutamine, the branched- chain amino acids (isoleu-
cine/leucine and valine individually and combined), and 
the alanine to glycine ratio. Adjustment for blood lipids 
attenuated associations for alanine, glutamate/glutamine, 
the branched- chain species, and the alanine to glycine 
ratio. Finally, adjusting for glycemic markers attenuated 
associations for alanine, tyrosine, and the branched- chain 
species. Some of the acylcarnitines (C4 and C8- DC) and 
amino acids (proline and ornithine) with weaker associa-
tions in the basic models lost statistical significance after 
further adjustments even though their β- values changed 
less than 10%.

https://dx.doi.org/10.1136/bmjdrc-2020-001315
https://dx.doi.org/10.1136/bmjdrc-2020-001315
https://dx.doi.org/10.1136/bmjdrc-2020-001315
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We next evaluated whether adding acylcarnitine 
and amino acid metabolites to the ARIC model could 
improve the prediction of incident diabetes based on 
AUC and AIC metrics (table 4). The ARIC model alone 
had an AUC of 0.836 and an AIC of 1559.4. Addition 
of the metabolites individually did not result in signifi-
cant improvement in AUC. However, addition of all 14 
metabolite measurements to the ARIC model resulted 
in a modest but statistically significant improvement in 
AUC to 0.847 (p=0.013) and a lower AIC (1541.9). Step-
wise removal of the biomarkers produced an ARIC model 
supplemented with seven metabolite measurements (C8- 
DC, C16- OH, isoleucine/leucine, ornithine, proline, 
serine, and the alanine to glycine ratio), which had the 
best model fit (AIC: 1530.3). This model also represented 
a significant improvement in AUC (0.846, p=0.022) as 
compared with the ARIC model alone, and recorded a 
net improvement of 39.8% in reclassification of diabetes 
cases and non- cases.

Finally, we conducted sensitivity analyses in the 3095 
participants who were not pre- diabetic (pre- diabetes 
defined by the American Diabetes Association criteria 
of FPG >5.6 mmol/L),15 which produced similar results 
(data not shown). In an additional sensitivity analysis, we 
only included ethnic Chinese, who made up 77.8% of the 
study participants. All of the more significant associations 
in the original analysis (p<0.01 after multiple testing 
correction) remained significant in the ethnic Chinese 
subgroup (online supplemental table 5).

DISCUSSION
In this prospective cohort study, we identified several 
serum acylcarnitine and amino acid metabolites with 
the potential to serve as biomarkers of type 2 diabetes in 
Asian populations. Higher concentrations of the acylcar-
nitines C4 and C16- OH, alanine, glutamate/glutamine, 
ornithine, proline, the branched- chain amino acids isole-
ucine/leucine and valine, and the aromatic amino acids 

Table 1 Baseline characteristics of participants who did and did not develop diabetes mellitus (DM)

Overall
(N=3313)

Follow- up DM cases
(n=314)

Follow- up non- cases
(n=2999) P value

Age (years), mean (SD) 48.0 (11.9) 53.5 (11.2) 47.0 (11.6) <0.001

Sex (female), n (%) 1795 (54.2) 162 (51.6) 1633 (54.5) 0.333

Ethnicity, n (%)

  Chinese 2577 (77.8) 209 (66.6) 2368 (79.0) <0.001

  Malays 422 (12.7) 62 (19.7) 360 (12.0)

  Indians 314 (9.5) 43 (13.7) 271 (9.0)

Height (cm), mean (SD) 163.4 (8.8) 162.0 (8.7) 163.5 (8.8) <0.001

Waist circumference (cm), mean (SD) 82.7 (11.6) 90.8 (12.1) 81.7 (11.2) <0.001

BMI (kg/m2), mean (SD) 23.4 (4.0) 26.3 (4.8) 23.1 (3.8) <0.001

Dietary intake (energy %/day)

  Carbohydrates, mean (SD) 53.4 (6.8) 53.3 (7.0) 53.5 (6.7) 0.949

  Protein, mean (SD) 15.6 (2.3) 15.6 (2.4) 15.5 (2.3) 0.922

  Total fat, mean (SD) 30.8 (5.8) 31.0 (6.1) 30.9 (5.8) 0.788

  Saturated fat, mean (SD) 11.8 (3.2) 11.8 (3.4) 11.9 (3.2) 0.922

  Monounsaturated fat, mean (SD) 10.5 (2.7) 10.5 (2.9) 10.6 (2.7) 0.826

  Polyunsaturated fat, mean (SD) 6.4 (2.7) 6.6 (3.0) 6.4 (2.7) 0.284

Parental history of diabetes (yes), n (%) 930 (27.0) 106 (33.8) 824 (27.5) 0.018

Lipid- lowering and blood pressure- lowering 
medications (yes), n (%)

760 (22.9) 124 (39.5) 636 (21.2) <0.001

Systolic blood pressure (mm Hg), mean (SD) 130.5 (19.8) 141.9 (21.0) 128.9 (19.2) <0.001

Fasting plasma glucose (mmol/L), mean (SD) 4.73 (0.49) 5.15 (0.56) 4.68 (0.46) <0.001

Triglycerides (mmol/L), mean (SD) 1.31 (0.82) 1.74 (0.98) 1.26 (0.79) <0.001

High- density lipoprotein (mmol/L), mean (SD) 1.44 (0.36) 1.31 (0.31) 1.46 (0.36) <0.001

Fasting insulin (mU/L), mean (SD) 7.42 (6.14) 10.67 (6.33) 7.04 (6.02) <0.001

Glycated hemoglobin (DCCT %), mean (SD) 5.48 (0.41) 5.82 (0.46) 5.44 (0.39) <0.001

Serum creatinine (µmol/L), mean (SD) 9.35 (6.46) 10.18 (6.53) 9.25 (6.46) 0.018

BMI, body mass index; DCCT, Diabetes Control and Complications Trial units.

https://dx.doi.org/10.1136/bmjdrc-2020-001315
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tyrosine and phenylalanine were associated with higher 
diabetes risk. A higher alanine to glycine ratio was also 
associated with higher diabetes risk. In contrast, higher 
concentrations of serine, glycine, and C8- DC acylcarnitine 

were associated with lower diabetes risk. Adjustment for 
known metabolic risk factors (blood lipids and glycemic 
markers) partially explained the associations with 
diabetes risk for alanine, glutamate/glutamine, tyrosine, 

Table 2 Associations between metabolites and incident diabetes, adjusted for age, sex, ethnicity, height, and parental 
history of diabetes

Acylcarnitines HR (95% CI)* P value P value† Amino acids HR (95% CI) P value P value†

C2 1.041 (0.932 to 1.162) 0.478 0.603 Alanine 1.377 (1.236 to 1.534) <0.001 <0.001

C3 1.050 (0.941 to 1.171) 0.384 0.557 Arginine 0.888 (0.791 to 0.996) 0.043 0.1

C4 1.146 (1.037 to 1.265) 0.007 0.027 Citrulline 0.909 (0.808 to 1.022) 0.111 0.195

C4- DC 1.112 (0.995 to 1.242) 0.061 0.126 Glutamate/glutamine 1.421 (1.281 to 1.576) <0.001 <0.001

C5:1 1.093 (0.980 to 1.218) 0.111 0.195 Glycine 0.710 (0.621 to 0.810) <0.001 <0.001

C5- DC 1.072 (0.966 to 1.190) 0.192 0.318 Histidine 0.937 (0.836 to 1.050) 0.142 0.242

C5- OH/C3- DC 1.021 (0.914 to 1.140) 0.712 0.753 Isoleucine/leucine 1.507 (1.349 to 1.683) <0.001 <0.001

C6 1.042 (0.936 to 1.160) 0.452 0.601 Methionine 1.076 (0.958 to 1.207) 0.216 0.348

C7- DC 0.872 (0.777 to 0.979) 0.021 0.061 Ornithine 1.196 (1.071 to 1.336) 0.001 0.005

C8 0.860 (0.755 to 0.980) 0.024 0.063 Phenylalanine 1.268 (1.142 to 1.407) <0.001 <0.001

C8:1 1.124 (1.020 to 1.240) 0.019 0.058 Proline 1.181 (1.059 to 1.317) 0.003 0.013

C8- DC 0.853 (0.754 to 0.966) 0.012 0.044 Serine 0.837 (0.742 to 0.944) 0.004 0.017

C8- OH/C6- DC 0.869 (0.769 to 0.980) 0.023 0.063 Tyrosine 1.338 (1.208 to 1.483) <0.001 <0.001

C10 0.848 (0.742 to 0.969) 0.016 0.055 Valine 1.419 (1.275 to 1.579) <0.001 <0.001

C10:1 0.875 (0.773 to 0.990) 0.035 0.088 Aromatic 1.200 (1.082 to 1.332) 0.001 0.005

C10:2 0.984 (0.879 to 1.102) 0.78 0.796 Branched- chain 1.477 (1.325 to 1.647) <0.001 <0.001

C10:3 1.099 (0.998 to 1.209) 0.056 0.12 Fischer ratio 1.028 (0.917 to 1.153) 0.633 0.734

C12 0.896 (0.797 to 1.008) 0.068 0.136 Alanine:glycine 1.572 (1.426 to 1.733) <0.001 <0.001

C12:1 0.882 (0.784 to 0.993) 0.037 0.089   

C14 0.976 (0.873 to 1.092) 0.675 0.751   

C14:1 0.942 (0.840 to 1.056) 0.305 0.466   

C14:1- OH 0.957 (0.854 to 1.073) 0.455 0.601   

C14:2 0.900 (0.801 to 1.013) 0.08 0.155   

C14- OH/C12- DC 1.052 (0.940 to 1.176) 0.379 0.557   

C16 1.096 (0.986 to 1.219) 0.091 0.17   

C16:1 0.980 (0.877 to 1.094) 0.714 0.753   

C16:1- OH/C14:1- DC 1.012 (0.905 to 1.130) 0.839 0.839   

C16:2 0.960 (0.858 to 1.074) 0.474 0.603   

C16- OH 1.176 (1.060 to 1.304) 0.002 0.01   

C18 0.969 (0.866 to 1.084) 0.582 0.718   

C18:1 1.016 (0.910 to 1.134) 0.782 0.796   

C18:1- DC 1.023 (0.916 to 1.142) 0.686 0.751   

C18:2 1.029 (0.922 to 1.149) 0.606 0.72   

C18:2- OH 0.957 (0.852 to 1.075) 0.456 0.601   

C18- DC/C20- OH 1.025 (0.918 to 1.144) 0.665 0.751   

C20 0.863 (0.763 to 0.975) 0.018 0.058   

C20:4 1.061 (0.951 to 1.183) 0.292 0.458   

Short chain 1.044 (0.935 to 1.166) 0.443 0.601   

Medium chain 0.885 (0.783 to 1.000) 0.05 0.112   

Long chain 1.029 (0.922 to 1.150) 0.608 0.72   

Significant associations following multiple testing are in bold.
*As metabolite data were converted to Z- scores, HR is measured in per SD.
†Adjusted for multiple testing using the Benjamini- Hochberg false discovery rate.
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the branched- chain species, and the alanine to glycine 
ratio. Adding a panel of metabolites (C8- DC, C16- OH, 
isoleucine/leucine, ornithine, proline, serine, and the 
alanine to glycine ratio) to the ARIC model with estab-
lished diabetes risk factors led to a modest but statistically 
significant improvement in the prediction of diabetes.

Previous studies have implicated several of the amino 
acids associated with diabetes in our study as potential 
biomarkers of insulin resistance and type 2 diabetes. 
Higher levels of branched- chain amino acids have previ-
ously been linked to higher diabetes risk in populations 
of European, Hispanic, African, and Asian ancestry.5 20–22 
Furthermore, a large- scale Mendelian randomization anal-
ysis identified genetic instruments reflective of higher levels 
of circulating branched- chain species that were also asso-
ciated with higher diabetes risk, suggesting a causal role of 
branched- chain amino acid metabolism in diabetes devel-
opment.23 These findings are consistent with knowledge of 
biological mechanisms involved in diabetes development. 

Branched- chain species play a central role in the PI3K- 
AKT- mTOR signaling pathway by regulating expression of 
genes and phosphorylation of kinases involved in glucose 
and lipid metabolism.24 Metabolic imbalance and overex-
pression of branched- chain species lead to phosphoryla-
tion of insulin receptor substrate (IRS)-1, which interferes 
with insulin signaling and over time leads to insulin resis-
tance.5 A related amino acid group to the branched- chain 
species is the aromatic amino acids, consisting of phenyl-
alanine, tyrosine, and tryptophan (not measured in this 
study). The aromatic and branched- chain species share 
a transmembrane protein,25 and higher levels of the five 
amino acids have been observed to be associated with 
higher diabetes risk in multiple previous studies as well as 
our own.20 22 26 27 It has been proposed that tyrosine can 
inhibit glucose transport and phosphorylation,28 a hypoth-
esis supported by our finding that additional adjusting for 
FPG and fasting insulin attenuates the association between 
tyrosine and diabetes risk.

Figure 1 Heatmap of the pairwise partial correlations between the 13 potential biomarkers, adjusted for age, sex, ethnicity, 
height, waist circumference, parental history of diabetes, systolic blood pressure, fasting plasma glucose, serum triglycerides, 
high- density lipoprotein cholesterol, and fasting insulin.
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Branched- chain species serve as nitrogen donors for 
alanine, glutamate, and glutamine,24 which may partially 
explain why higher levels of these amino acids were also 
significantly associated with diabetes risk in our study. 
That being said, higher serum levels of alanine, but not 
the branched- chain species, were consistently associated 
with higher diabetes risk in two Chinese cohorts,6 which 
suggests the link between alanine and diabetes risk is not 
necessarily due to branched- chain species metabolism. 
This is also consistent with biological mechanisms, as 
alanine stimulates glucagon secretion,29 and alterations 
in alanine metabolism as a manifestation of non- alcoholic 
fatty liver disease have been linked to higher diabetes 

risk.30 The association for alanine was attenuated by 
further adjusting for blood lipids and glycemic markers 
in our study, which is consistent with its biological role 
in gluconeogenesis. Furthermore, higher concentrations 
of aggregate glutamate/glutamine were associated with 
insulin resistance and diabetes development in ethnic 
Chinese and Indian SP2 participants,8 and in the Insulin 
Resistance Atherosclerosis Study,21 while higher concen-
trations of glutamate by itself were associated with insulin 
resistance phenotypes in the Framingham Heart Study 
and Malmö Diet and Cancer Study cohorts.31 Glutamate 
has also been shown to stimulate glucagon secretion and 
gluconeogenesis,32 and serves as a metabolic precursor to 

Table 3 Associations between serum biomarkers and type 2 diabetes after adjustment for potential mediators

Metabolite

Model 1*
Model 1 and systolic 
blood pressure

Model 1 and waist 
circumference

Model 1 and 
blood lipids†

Model 1 and 
glycemic markers‡

HR§ (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI)

C4 1.146
(1.037 to 1.265)

1.128
(1.021 to 1.245)

1.101
(0.996 to 1.218)

1.061
(0.957 to 1.177)

1.120
(1.006 to 1.246)

C8- DC 0.853
(0.754 to 0.966)

0.824
(0.728 to 0.934)

0.888
(0.783 to 1.006)

0.852
(0.755 to 0.962)

0.911
(0.802 to 1.035)

C16- OH 1.176
(1.060 to 1.304)

1.140
(1.027 to 1.265)

1.167
(1.053 to 1.294)

1.117
(1.007 to 1.238)

1.146
(1.029 to 1.277)

Alanine 1.377
(1.236 to 1.534)

1.353
(1.213 to 1.509)

1.317
(1.178 to 1.472)

1.256
(1.121 to 1.408)

1.236
(1.098 to 1.392)

Glutamate/glutamine 1.421
(1.281 to 1.576)

1.401
(1.261 to 1.555)

1.303
(1.171 to 1.449)

1.307
(1.173 to 1.456)

1.327
(1.187 to 1.484)

Glycine 0.710
(0.621 to 0.810)

0.727
(0.637 to 0.831)

0.777
(0.680 to 0.889)

0.751
(0.657 to 0.858)

0.705
(0.613 to 0.811)

Isoleucine/leucine 1.507
(1.349 to 1.683)

1.492
(1.334 to 1.669)

1.405
(1.251 to 1.577)

1.338
(1.191 to 1.503)

1.399
(1.242 to 1.577)

Ornithine 1.196
(1.071 to 1.336)

1.174
(1.050 to 1.314)

1.212
(1.084 to 1.355)

1.203
(1.073 to 1.349)

1.120
(0.995 to 1.260)

Phenylalanine 1.268
(1.142 to 1.407)

1.241
(1.117 to 1.379)

1.212
(1.089 to 1.349)

1.215
(1.091 to 1.354)

1.222
(1.093 to 1.365)

Proline 1.181
(1.059 to 1.317)

1.168
(1.047 to 1.302)

1.146
(1.026 to 1.280)

1.120
(0.999 to 1.256)

1.090
(0.969 to 1.227)

Serine 0.837
(0.742 to 0.944)

0.851
(0.755 to 0.960)

0.884
(0.782 to 0.999)

0.876
(0.776 to 0.989)

0.837
(0.737 to 0.951)

Tyrosine 1.338
(1.208 to 1.483)

1.300
(1.172 to 1.443)

1.243
(1.118 to 1.381)

1.260
(1.132 to 1.403)

1.235
(1.104 to 1.381)

Valine 1.419
(1.275 to 1.579)

1.392
(1.250 to 1.551)

1.309
(1.171 to 1.462)

1.290
(1.154 to 1.442)

1.281
(1.143 to 1.436)

Aromatic 1.200
(1.082 to 1.332)

1.174
(1.057 to 1.303)

1.157
(1.040 to 1.288)

1.152
(1.033 to 1.285)

1.147
(1.026 to 1.282)

Branched- chain 1.477
(1.325 to 1.647)

1.454
(1.302 to 1.623)

1.364
(1.217 to 1.528)

1.325
(1.182 to 1.485)

1.341
(1.193 to 1.507)

Alanine:glycine 1.572
(1.426 to 1.733)

1.522
(1.378 to 1.680)

1.451
(1.306 to 1.611)

1.447
(1.302 to 1.607)

1.494
(1.340 to 1.664)

Values in italics represent an attenuation of at least 10% toward the null in relation to model 1 values.
*Adjusted for age, sex, ethnicity, height, and parental history of diabetes.
†Serum triglycerides and high- density lipoprotein.
‡Fasting plasma glucose and fasting insulin.
§As metabolite data were converted to Z- scores, HR is measured in per SD.
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α-ketoglutarate, a keto acid with anticatabolic effects on 
protein metabolism,33 which again suggests a biological 
link between glutamate and diabetes risk independent 
of branched- chain amino acids. In our study, the associa-
tion for glutamate/glutamine was attenuated by further 
adjusting for waist circumference and blood lipids, which 
potentially implicates central adiposity as a mediator in 
the link between these species and diabetes.

A growing body of evidence supports our finding of 
an inverse association between circulating glycine levels 

and diabetes risk.34 Lower serum concentrations of 
glycine were associated with higher insulin resistance and 
diabetes risk in the Insulin Resistance Atherosclerosis 
Study, the Framingham Heart Study, the Malmö Diet and 
Cancer Study, the European Prospective Investigation 
into Cancer and Nutrition - Potsdam, and the Relation-
ship of Insulin Sensitivity to Cardiovascular Risk study 
cohorts,21 31 35 36 while in a Japanese prospective cohort 
study, baseline concentrations of glycine were lower in 
participants who developed diabetes compared with 

Table 4 Comparisons of AUC, AIC, and NRI for the ARIC model* and models supplemented with the potential biomarkers

Model
AUC
(95% CI) P value† AIC NRI‡ (%)

ARIC 0.836
(0.814 to 0.858)

Reference 1559.4 
(reference)

Reference

ARIC+C4 0.836
(0.814 to 0.858)

0.794 1561.3 −3.3§

ARIC+C8- DC 0.837
(0.815 to 0.859)

0.462 1558.8 16.0

ARIC+C16- OH 0.837
(0.815 to 0.859)

0.575 1558.6 −4.5

ARIC+alanine 0.836
(0.814 to 0.858)

0.692 1558 7.7

ARIC+glutamate/glutamine 0.837
(0.815 to 0.859)

0.398 1557.1 20.7

ARIC+glycine 0.839
(0.817 to 0.861)

0.208 1550.1 21.4

ARIC+isoleucine/leucine 0.838
(0.816 to 0.860)

0.293 1553.1 24.4

ARIC+ornithine 0.837
(0.815 to 0.859)

0.487 1558.8 5.1

ARIC+phenylalanine 0.837
(0.815 to 0.859)

0.420 1558.8 5.0

ARIC+proline 0.836
(0.814 to 0.858)

0.865 1561.3 4.9

ARIC+serine 0.836
(0.814 to 0.858)

0.853 1559.1 13.8

ARIC+tyrosine 0.836
(0.814 to 0.858)

0.648 1559.6 9.9

ARIC+valine 0.837
(0.815 to 0.858)

0.626 1558.1 14.1

ARIC+alanine to glycine ratio 0.840
(0.819 to 0.862)

0.132 1539.9 32.6

ARIC+C4+C8- DC+C16- OH+alanine+glutamate/glutamine+
glycine+isoleucine/leucine+ornithine+phenylalanine+proline
+serine+tyrosine+valine+ alanine to glycine ratio

0.847
(0.825 to 0.868)

0.013 1541.9 45.7

ARIC+C8- DC+C16- OH+isoleucine/
leucine+ornithine+proline+serine+alanine to glycine ratio

0.846
(0.824 to 0.867)

0.022 1530.3 39.8

*Includes age, sex, ethnicity, height, waist circumference, parental history, systolic blood pressure, fasting plasma glucose, serum 
triglycerides, and high- density lipoprotein cholesterol.
†P value compares the AUC of each model with the reference model.
‡The net improvement in reclassification of diabetes cases and non- cases compared with the ARIC model alone.
§A negative NRI value indicates the supplemented model performs worse at classification of diabetes cases and non- cases than the 
ARIC model alone.
AIC, Akaike information criterion; ARIC, Atherosclerosis Risk in Communities; AUC, area under the receiver operating characteristic 
curve; NRI, net reclassification improvement.
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those who did not.37 Furthermore, a Mendelian random-
ization analysis reported genetic instruments reflecting 
higher levels of circulating glycine were associated with a 
lower diabetes risk, suggesting a causal protective effect 
of glycine on diabetes risk.38 This is also consistent with 
biological mechanisms, as glycine plays key metabolic 
roles as a neurotransmitter, in the synthesis of heme 
and the antioxidant glutathione, and in the regulation 
of one- carbon metabolism.34 Dysregulation of these 
pathways from overexpression of glycine is proposed to 
contribute to insulin resistance by increasing oxidative 
stress in pancreatic cells, compromising mitochondrial 
function, and disrupting glucose homeostasis.34 We 
also observed a significant association between a higher 
alanine to glycine ratio and diabetes risk. The alanine to 
glycine ratio was strongly associated with insulin sensi-
tivity measured using a hyperglycemic clamp and inci-
dent diabetes in the Cooperative Health Research in 
the Region of Augsburg S4_to_F4 cohort.17 Analysis of 
metabolite ratios is an emerging field that can provide 
additional information in association studies by reducing 
overall biological variability in a given study population 
and better representing biochemical pathways,18 and our 
results provide further evidence of their value.

Additionally, we observed significant associations 
between ornithine and proline concentrations and 
diabetes risk, a finding also reported in a Japanese 
study.37 The biological mechanisms underlying this puta-
tive relationship are not well understood. Both ornithine 
and proline are produced by arginase activity during the 
urea cycle, and upregulated arginase activity, resulting in 
higher ornithine and proline levels, can decrease nitric 
oxide bioavailability and lead to metabolic complications 
including diabetes.39 However, this pathway is mediated 
by arginine and also results in citrulline biosynthesis, and 
neither of those species were significantly associated with 
diabetes risk in our study. Conversely, arginine was asso-
ciated with diabetes risk in a Japanese cohort,37 and orni-
thine levels were inversely associated with diabetes risk in 
a Chinese study.40 Likewise, the role of serine in diabetes 
development is understudied, although the Japanese 
study did report lower concentrations of serine in partic-
ipants who developed diabetes compared with those who 
did not.37 Serine is synthesized by glycine activity, and it is 
possible that depressed levels in those with higher diabetes 
risk are reflective of depressed glycine levels and the 
consequent metabolic imbalances.41 Enzymes involved in 
serine biosynthesis have been linked to insulin signaling 
and sensitivity in animal studies, while a lack of serine 
in cancer cells results in altered mitochondrial metabo-
lism akin to metabolic disturbances resulting in insulin 
resistance.41 Further research into the roles of ornithine, 
proline and serine in diabetes development is required 
to clarify these inconsistencies and whether these species 
contribute to or merely indicate higher diabetes risk.

In addition to amino acids, we observed three acylcar-
nitines, C4, C8- DC, and C16- OH, to be associated with 
diabetes risk. Acylcarnitines are primarily produced from 

mitochondrial fatty acid β- oxidation, and their accumu-
lation may indicate incomplete fatty acid oxidation and 
downstream metabolic disturbances, including depletion 
of tricarboxylic acid cycle intermediates and activation 
of pathways that interfere with insulin action.42–44 Short- 
chain species, such as C4, are intermediate products of 
β- oxidation, and their accumulation in participants with 
type 2 diabetes may indicate generalized dysfunction at 
the interface of fatty acid oxidation and the electron 
transport chain.4 Dicarboxylic species, including C8- DC, 
are produced when long- chain fatty acids undergo 
ω- oxidation, a compensatory pathway activated when 
β- oxidation is disturbed. Reduced concentrations of 
these species in those with a high risk of diabetes could 
indicate a disturbance of β- oxidation if the ω- oxidation 
rescue pathway was also impaired. This would lead to 
accumulation of fatty acid fuels in the mitochondria and 
contribute to insulin resistance via the mismatching of 
fuel and ATP demand.45 While we did not observe signif-
icant associations between medium- chain species and 
diabetes risk following multiple testing correction, it has 
been suggested that the accumulation of medium- chain 
species results in activation of the proinflammatory NFκB 
pathway, which in turn promotes insulin resistance.44 The 
accumulation of long- chain species, such as C16- OH, is 
similarly thought to be reflective of impaired tricarbox-
ylic acid cycle activity, as they are the initial products of 
β- oxidation.46

The link between acylcarnitines and diabetes is contro-
versial, and there is lack of consensus over whether 
elevated or depressed levels of specific short- chain, 
medium- chain, and long- chain species are associated 
with diabetes risk.4 7 42–46 In a Chinese cohort, fasting 
serum concentrations of C4 were higher in diabetes cases 
than in non- cases, but the investigators did not find an 
association with C8- DC or C16- OH.7 The authors also 
described a panel of long- chain acylcarnitines that were 
significantly associated with diabetes risk and increased 
the AUC of a predictive diabetes risk model, although 
C16- OH was not part of the panel. In a US study, fasting 
concentrations of both C4 and C16- OH were higher in 
participants with type 2 diabetes compared with lean 
participants without diabetes.4 A German study, however, 
reported higher concentrations of C16- OH but not C4 
in participants with diabetes compared with those with 
normal glucose tolerance.42 A Mexican study reported 
elevated concentrations of C4 in obese participants 
without diabetes compared with their counterparts with 
diabetes,43 while a US study reported no difference in 
C4 levels between participants of these categories.44 In 
our study, the association between C4 and diabetes risk 
was not attenuated after additional adjusting for waist 
circumference, which suggests the mechanism may not 
be mediated by body fatness. To our knowledge, this is 
the first study to report an inverse association between 
serum C8- DC levels and diabetes risk, although an 
animal study reported higher concentrations of C8- DC 
in insulin- resistant mice.47 Further research is required 
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to clarify the role of acylcarnitines in the development of 
diabetes in humans.

Strengths of our study included the prospective design 
and the Asian study population, a population that is 
more susceptible to diabetes than populations of Euro-
pean ancestry.3 Our study also had several potential 
limitations. First, we had substantial non- response during 
follow- up. This is a common issue in large cohort studies, 
and we addressed it by using a nationwide clinical registry 
to ascertain incident diabetes in addition to reported 
diagnosis and fasting glucose and HbA1c measurements 
during follow- up. However, there remains some potential 
for cases to have gone undetected, for instance if partic-
ipants were diagnosed at a private clinic. Second, metab-
olite profiles were measured only once during follow- up, 
resulting in potentially inaccurate measurements of 
long- term biomarker levels and potential attenuation 
of observed associations. While the targeted metabo-
lomic approach facilitated identification of potential 
biomarkers, the panel of metabolites was not exhaus-
tive and concentrations of other clinically important 
species such as lysine and tryptophan were not recorded. 
Measuring certain metabolites, including glutamate and 
glutamine, in aggregate may also have weakened our find-
ings, as the two species play separate biological roles and 
have displayed markedly differential associations with 
diabetes risk when measured separately.31 32 Additionally, 
while we based our multivariable analyses on an estab-
lished diabetes risk model, there remains a potential for 
residual confounding due to risk factors not included in 
the ARIC model. Finally, our findings apply to a multi-
ethnic Asian population and may not necessarily gener-
alize to other populations or ethnic groups.

Our results provide further evidence of the role of 
specific acylcarnitines, amino acids, and amino acid ratios 
in the development of type 2 diabetes in Asian popula-
tions. A predictive model containing a panel of acylcar-
nitines and amino acids improved classification of both 
diabetes cases and non- cases as compared with a model 
containing solely the established risk factors included in 
the ARIC model. The increasing availability and afford-
ability of profiling technologies mean they could feasibly 
be applied in the clinical setting. However, it remains 
unclear whether measurement of novel metabolites leads 
to sufficient improvement in the identification of high- 
risk groups to warrant use in clinical practice. Further 
research is warranted to establish whether specific acyl-
carnitines and amino acids play a causal role in the 
etiology of diabetes and could be targets for preventive 
interventions.
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