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Metabolomics in Prediabetes
and Diabetes: A Systematic Review
and Meta-analysis
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OBJECTIVE

To conduct a systematic review of cross-sectional and prospective human studies
evaluating metabolite markers identified using high-throughput metabolomics
techniques on prediabetes and type 2 diabetes.

RESEARCH DESIGN AND METHODS

We searched MEDLINE and EMBASE databases through August 2015. We
conducted a qualitative review of cross-sectional and prospective studies. Addi-
tionally, meta-analyses of metabolite markers, with data estimates from at least three
prospective studies, and type 2 diabetes risk were conducted, and multivariable-
adjusted relative risks of type 2 diabetes were calculated per study-specific SD
difference in a given metabolite.

RESULTS

We identified 27 cross-sectional and 19 prospective publications reporting asso-
ciations of metabolites and prediabetes and/or type 2 diabetes. Carbohydrate
(glucose and fructose), lipid (phospholipids, sphingomyelins, and triglycerides),
and amino acid (branched-chain amino acids, aromatic amino acids, glycine, and
glutamine) metabolites were higher in individuals with type 2 diabetes compared
with control subjects. Prospective studies provided evidence that blood concen-
trations of several metabolites, including hexoses, branched-chain amino acids,
aromatic amino acids, phospholipids, and triglycerides, were associated with the
incidence of prediabetes and type 2 diabetes. We meta-analyzed results from
eight prospective studies that reported risk estimates for metabolites and type 2
diabetes, including 8,000 individuals of whom 1,940 had type 2 diabetes. We
found 36% higher risk of type 2 diabetes per study-specific SD difference for iso-
leucine (pooled relative risk 1.36 [1.24-1.48); I* = 9.5%), 36% for leucine (1.36
[1.17-1.58); I* = 37.4%), 35% for valine (1.35 [1.19-1.53]; /* = 45.8%), 36% for
tyrosine (1.36 [1.19-1.55]; I* = 51.6%), and 26% for phenylalanine (1.26 [1.10-
1.44); I* = 56%). Glycine and glutamine were inversely associated with type 2
diabetes risk (0.89 [0.81-0.96] and 0.85 [0.82-0.89), respectively; both * = 0.0%).

CONCLUSIONS

In studies using high-throughput metabolomics, several blood amino acids appear
to be consistently associated with the risk of developing type 2 diabetes.

Type 2 diabetes is among the most prevalent chronic diseases, affecting more than
380 million people worldwide in 2014 (1). Risk factors for type 2 diabetes consist of a
combination of unhealthy diet, lifestyle, and genetic factors that may interact with
each other and with the environment (2). In the last decade, high-throughput
metabolomics technologies have provided insights into the pathophysiological
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pathways and understanding of the dis-
ease and its precedents (3). Metabolomics
refers to the systematic analysis of metab-
olites (low molecular weight biochemicals
including sugars, amino acids, organic
acids, nucleotides, and lipids) in a biolog-
ical sample.

Several studies have evaluated the re-
lationship between a wide range of me-
tabolites, insulin resistance, and type 2
diabetes, using mainly two different
techniques: mass spectrometry (MS)
coupled with gas- or liquid-phase chro-
matography (GC and LC, respectively)
and proton (*H) nuclear magnetic reso-
nance (NMR) spectroscopy (3,4). With
these technologies, researchers have
taken both targeted approaches that fo-
cus on a specific subset of defined me-
tabolites and more agnostic untargeted
approaches that analyze a large number
of measurable molecules found in a sam-
ple, including chemical unknowns (4).

To date, published findings suggest
that branched-chain amino acids (BCAAs),
identified using high-throughput me-
tabolomics, are associated with insulin
resistance (3,5) and type 2 diabetes (5).
Other amino acids such as aromatic
amino acids, glycine, glutamine, and
glutamate have also been related to
prediabetes and type 2 diabetes risk
(5-7). Metabolomics have revealed as
well that several sugar metabolites
and gluconeogenesis substrates, includ-
ing glucose and fructose, are higher in
individuals with prediabetes compared
with control subjects (8). Finally, lipid
subclasses such as phospholipids,
sphingomyelins, and triglycerides, and
also specific lipids like palmitate and
palmitoleate, have all been related to
insulin resistance and type 2 diabetes
in humans (5,12). Expanding the current
knowledge on the physiopathology of
type 2 diabetes and identifying novel
predictive biomarkers may help to facil-
itate the detection and management of
diabetes. However, no systematic review
or meta-analysis on this topic has been
published.

We hypothesized that elevated con-
centrations of some metabolites, such
as BCAAs and aromatic amino acids,
would be associated with a higher risk
of prediabetes and type 2 diabetes,
while other metabolites (e.g., glycine
and glutamine) would be inversely as-
sociated. We conducted a systematic
review of human studies assessing

metabolite markers, identified using high-
throughput metabolomics, of prediabetes
and type 2 diabetes. Additionally, we
conducted quantitative meta-analyses
for specific metabolite markers of
type 2 diabetes risk: BCAAs (isoleu-
cine, leucine, and valine), aromatic
amino acids (tyrosine and phenylala-
nine), glycine, glutamine, alanine, and
histidine.

RESEARCH DESIGN AND METHODS

Data Sources and Searches

We followed the Cochrane Handbook of
Systematic Reviews (http://handbook
.cochrane.org) and used the MOOSE
(Meta-analysis Of Observational Studies
in Epidemiology) checklist. The protocol has
been registered in the PROSPERO registry
(http://www.crd.york.ac.uk/PROSPERO/
display_record.asp?ID=CRD42015023439).
We conducted a systematic search
of published literature in any language
in two different databases, MEDLINE
(http://www.ncbi.nIm.nih.gov/pubmed)
and EMBASE (http://gateway.ovid.com),
from the earliest available online index-
ing year through August 2015, and hand
searched reference lists of articles and
key journals for human studies evaluat-
ing metabolite biomarkers associated
with insulin resistance and type 2 diabe-
tes, identified using high-throughput
metabolomics techniques. Our search
terms combined the exposure (metabo-
lite markers) with several outcomes
(insulin resistance, insulin sensitivity,
and type 2 diabetes) in humans. The
detailed search strategy is presented
in Supplementary Data.

Study Selection and Eligibility Criteria
Titles and abstracts were screened in
duplicate by two of three authors
(M.G.-F., A.H., and E.T.) for eligibility.
The third of these authors resolved dis-
agreements. Studies were eligible forin-
clusion if they were human studies
(cohort, case-cohort, case-control, or
clinical trials) and if metabolites
were identified using high-throughput
metabolomics techniques in blood
(plasma or serum) or urine samples.
We have included studies in which pre-
diabetes and type 2 diabetes were de-
fined as impaired glucose tolerance,
impaired fasting glucose, insulin resis-
tance, or impaired insulin sensitivity
(HOMA of insulin resistance [HOMA-IR]
or HOMA of B-cell function [HOMA-B])
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according to standard criteria for diag-
nosis and classification of diabetes
(1,10) (e.g., impaired fasting glucose
defined as fasting glucose 100-125
mg/dL [5.6—-6.9 mmol/L] and type 2 di-
abetes defined as fasting glucose
=126 mg/dL [=7.0 mmol/L] or other
criterion-justified ranges). We ex-
cluded animal studies; studies con-
ducted in children, adolescents, and
pregnant women; studies of type 1 di-
abetes or gestational diabetes mellitus;
nonoriginal papers (reviews, commen-
taries, editorials, or letters); and dupli-
cate publications.

Data Extraction and Quality
Assessment

From each study, we extracted the fol-
lowing information: authors, year of
publication and journal, study name
and design, location, sample size, set-
ting, participant characteristics, dura-
tion of follow-up (if applicable), analytic
technique, biological sample, primary and
secondary outcomes measured, statisti-
cal tests, confounding factors, whether
the analyses were corrected for multiple
comparisons, and major findings (ana-
lyzed metabolites, adjusted relative risks
[RRs] or odds ratios [ORs]). We evaluated
and scored the quality of the studies in-
dependently and in duplicate on a six-
point scale based on guidelines adapted
from reference 11. The criteria (up to 1
point per criterion) included reporting of
study participation and attrition, mea-
surement of exposure and outcome,
measurement of and accounting for con-
founding, and the appropriateness of the
statistical analysis. Points were summed,
and studies with scores 0-3 were consid-
ered to be of low quality, while scores 4-6
were considered of high quality.

Data Synthesis and Analysis

We conducted a qualitative review
of findings in nonprospective studies
(cross-sectional and case-control). We
extracted the relevant information
from the identified studies, as detailed
above, and described and summarized
the findings of these reports in a quali-
tative manner.

For prospective cohort studies, we
conducted a qualitative review and
quantitative meta-analyses. For the
qualitative review, we extracted and de-
scribed the information for each study,
and for the quantitative review we
combined the main results from these
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studies using meta-analyses. In our
meta-analyses of the associations be-
tween amino acids and type 2 diabetes,
we considered all prospective studies that
provided any multivariable-adjusted
effect estimate (OR, RR, or hazard ratio
[HR]) with an accompanying measure of
uncertainty (Cl, SE, or other data to cal-
culate variance). However, we only
meta-analyzed the estimates of metabo-
lites that were reported in at least
three different prospective studies;
i.e., three data points was our minimum
threshold for conducting a meta-analysis.
Studies tended to report the risk for
type 2 diabetes events per 1 SD of a given
metabolite; other studies provided
means and tests for differences between
means. For the studies providing means
(SD) in case and control subjects (12,13),
we used the Hasselblad and Hedges
method to convert the measurements
to OR and 95% Cl (14,15) prior to inclu-
sion in meta-analyses. In the primary
analyses, we only included those studies
reporting the risk estimates as OR, RR, or
HR with the respective measure of un-
certainty. We then conducted analyses
that additionally included converted
measurements from means. The ratio-
nale to include the converted measure-
ments as secondary analyses was that
the reported means were typically un-
adjusted for confounding factors (12,13)
in contrast to risk estimates. Summary
RRs using both random-effects and
fixed-effects models were obtained
with the calculation of the logarithm of
the RRs and corresponding 95% Cls
of the individual studies. Our primary
approach was the random-effects
model because it incorporates both
within- and between-study components
of variance. Fixed-effects models were
evaluated secondarily. We used inverse
variance weighting to derive an overall
estimate in the meta-analyses. Forest
plots were used to evaluate risk esti-
mates across studies. Heterogeneity
among studies was estimated by the
Cochran Q test and /? statistic, with
>30% considered at least moderate het-
erogeneity (http://handbook.cochrane
.org). Heterogeneity was considered sta-
tistically significant at P = 0.10. Potential
sources of heterogeneity were explored
in meta-regressions and subgroup analyses,
such as study design (case-control, nested
case-control, cohort), length of follow-up
(=7 years, >7 years), biological sample

(plasma, serum), and analytic technique
(MS, NMR). To assess potential heterogene-
ity by sex, we performed meta-regressions
using the proportion of men as the depen-
dent variable. Publication bias was assessed
by visual inspection of funnel plots, evaluat-
ing skewness (nonsymmetry) of the distri-
bution of SEs around the study-level effect
estimates, and the Egger and Begg tests,
using a significance level of P < 0.05 to in-
dicate significant asymmetry (16,17). All
analyses were performed using STATA
(version 12.0; StataCorp LP, College
Station, TX) with a two-tailed o of 0.05
considered statistically significant.

RESULTS

Literature Search Results

Figure 1 shows the results of the litera-
ture search and study selection (metab-
olites altered in prediabetes/type 2
diabetes and metabolite predictors of
prediabetes/type 2 diabetes). Among
the 1,019 unique abstracts reviewed in-
dependently and in duplicate by two in-
vestigators, 943 were excluded (Fig. 1).
Among the 76 full text articles reviewed
thereafter, 38 were excluded. After final
exclusions, and with addition of 8 refer-
ences identified by hand searching of
citations, 46 publications met the inclu-
sion criteria and were included in the
present systematic review.

Metabolites Altered in Prediabetes
or Type 2 Diabetes (Nonprospective
Studies)
We identified 27 cross-sectional and/or
case-control publications, encompass-
ing 29 analyses in different studies,
which compared metabolite concentra-
tions in those without (healthy control
subjects) versus those with prediabetes
and/or type 2 diabetes (case subjects)
(Supplementary Table 1). Of these,
seven focused on prediabetes-related
measures (18—24), mainly using 2-h
post—oral glucose tolerance glucose,
and/or HOMA-IR. Another nine studies
(25—-33) focused on both prediabetes
and type 2 diabetes. The remaining 11
studies (34—44) evaluated type 2 diabe-
tes as the main outcome. Most study
designs were case-control studies (n =
24), in which blood or urine was col-
lected at the same time as case status
was defined. The number of participants
ranged from 20 to 7,098.

More than 20 studies evaluated the
association between amino acids and
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prediabetes/type 2 diabetes with find-
ings that were significant. In particular,
in a study carried out in Singapore,
HOMA-IR was associated with higher
levels of plasma BCAAs, aromatic amino
acids, and the ratio of glutamate to glu-
tamine (18). These findings were in ac-
cordance with those of Newgard et al.
(19) where BCAAs, aromatic amino
acids, and glutamate-to-glutamine ratio
were positively associated with predia-
betes in obese individuals. An untar-
geted metabolomics approach in 2,204
women from the TwinsUK study found
that BCAAs and derivatives were associ-
ated with both impaired fasting glucose
and type 2 diabetes status (30). At least
10 studies analyzed the relationship be-
tween hydroxy acids and prediabetes/
type 2 diabetes, most of them finding
positive significant associations. Gall
et al. (21) observed that a-hydroxybuty-
rate was elevated in insulin resistant
individuals and in those with impaired
glucose tolerance. Furthermore, 3-hydroxy-
butyrate and B-hydroxybutyrate were
found to be elevated in individuals with
type 2 diabetes from the Cooperative
Health Research in the Region of Augsburg
(KORA) study.

Findings from these studies also sug-
gest that some acylcarnitines are asso-
ciated with higher risk of prediabetes/
type 2 diabetes. Of note, acetylcarnitine
C2 concentrations were significantly
higher in participants with type 2 diabetes—
by 157%—compared with those with-
out diabetes from Project SuGAR
(Sea Island Genetic African American
Family Registry) (28). Medium-chain
acylcarnitines Cé-carnitine, C8-carnitine,
and C10-carnitine were higher and
propionylcarnitine concentrations were
lower in participants with diabetes
compared with nondiabetic control sub-
jects (38). Higher concentrations of
plasma long-chain acylcarnitines and
free carnitines were observed among
participants with type 2 diabetes in another
case-control study conducted in a U.S.
population in which 46 acylcarnitines
were targeted (27).

At least 20 analyses included metabo-
lomics profiling of lipids. Several lipid
classes (plasma phospholipids, choles-
terol esters, triglycerides, glycerophos-
pholipids, and sphingolipids), identified
using high-throughput techniques, were
found to be different between those
with and without prediabetes/type 2
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INITIAL SEARCH
PubMed: 602
EMBASE: 617
Total: 1219

——

200 duplicates removed

1019 unique abstracts for review ‘

943 EXCLUDED
281 literature reviews
8 editorials or commentaries
575 gestational diabetes or type 1 diabetes outcomes
79 unrelated to the scope of the study

cligibility

76 full text articles assessed for

38 EXCLUDED
6 diabetic nephropathy or other diabetes complications
5 effects of pharmacological treatment
27 unrelated to the scope of the study

4{

8 studies added after hand-searching references

46 articles included in the systematic review
- peer-reviewed
- original research
- type 2 diabetes or prediabetes
- conducted in humans

1

[

)

27 publications including nonprospective
studies (cross-sectional, case-control)

19 publications including prospective

studies

Figure 1—Flow diagram of literature search and study selection for metabolite markers of

prediabetes and type 2 diabetes.

diabetes. Low carbon number—saturated
lipids (myristic, palmitic, and stearic
acids) were elevated in individuals
with impaired fasting glucose and
type 2 diabetes compared with control
subjects, while some glycerophospholi-
pids and sphingomyelins were reduced
(31). In another study, lysophosphati-
dylcholines (LPCs) and lysophosphatidyl-
ethanolamines (LPEs) were significantly
higher in men with type 2 diabetes, as
were other fatty acids (e.g., dodecanoic
and myristic acid) compared with nondi-
abetic control subjects (42).

Sugar metabolites including glucose,
dihexose, mannose, arabinose, and fruc-
tose and also glycolipids showed posi-
tive associations with the prevalence
of prediabetes and/or type 2 diabetes
in >10 studies. Case-control results
from the KORA study showed that
plasma 1,5-anhydroglucitol was 37.8%
lower in participants with diabetes com-
pared with the control group, while
concentrations of glucose, mannose,
desoxyhexose, and dihexose were higher
(40). Consistently, glucose, mannose,
and fructose were associated with im-
paired fasting glucose and type 2 diabe-
tes, whereas 1,5-anhydroglucitol was

lower in case subjects compared with
nondiabetic control subjects (30). Fi-
nally, some organic acids like lactate,
maleic acid, dimethyl ester, and acetic
acid (34,36), and other compounds like
purines (23) and urea cycle metabolites
(citrulline, ornithine, and arginine),
were associated with prediabetes and
type 2 diabetes prevalence in isolated
studies.

Metabolites Predicting Prediabetes or
Type 2 Diabetes (Prospective Studies)
Of the 33 prospective analyses, 22 analy-
ses were focused on type 2 diabetes as the
main outcome (10 nested case-control,
1 case-cohort, and 11 cohort studies) (5—
7,9,12,13,45-54); 11 analyses evaluated
prediabetes (2 case-control and 9 cohort
studies) (5,8,9,13,45,47,48,50,53,55,56).
Prospective replications in independent
cohorts were conducted in five of the stud-
ies (5,6,46,49,57) (Table 1). The number of
participants in these studies ranged from
124 to 6,607 (total of 4,167 diabetes case
subjects and 29,926 participants without
diabetes). Follow-up after sample collec-
tion ranged from 6 months to 19 years.
Eighteen analyzed plasma and 15 serum
samples, and 24 studies conducted MS
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and nine NMR. Most studies used targeted
metabolomics analysis (n = 20) analyzing
between 50 and 200 metabolites, except
for five analyses that focused on fewer
metabolites (between 1 and 23). Two stud-
ies applied an untargeted approach (one
assessing >4,500 MS features and the
other >>11,000) (Table 1). Most of the pro-
spective studies included as covariates in
their models age, sex, BMI, and fasting glu-
cose. Some studies included further ad-
justment for smoking, alcohol intake,
physical activity, education, coffee intake,
waist circumference, blood cholesterol,
triglycerides, fasting insulin, HbA;, and di-
etary variables. In meta-analyses (see be-
low), we used the estimate from the most
adjusted model reported in a given study.
All the prospective studies included had
high-quality scores.

Amino Acids

Of the 33 analyses, 19 evaluated the as-
sociation between amino acid metabo-
lites and prediabetes/type 2 diabetes.
Besides BCAAs and aromatic amino
acids (16 analyses), other common
amino acids metabolites analyzed were
glycine, glutamine, and glutamate. Sev-
enteen studies used a targeted ap-
proach, targeting on average 15-20
amino acids, and two studies used un-
targeted approaches. LC-MS was the
most common analytic technique used.
Most analyses reported significant asso-
ciations for BCAAs and aromatic amino
acids. The findings from the Pieksamaki
cohort, which targeted 134 metabolites,
reported that BCAAs and phenylalanine
were associated with fasting and 2-h
glucose, while alanine and tyrosine
were associated with post-oral glucose
tolerance test (OGTT) glucose after ad-
justment for fasting insulin and postload
glucose (8). The association between
BCAAs and prediabetes was confirmed
in four other population-based analyses
conducted in both American and Euro-
pean populations (5,50,55,56).

Of all the analyses, at least 10 ana-
lyzed the amino acid glycine, with most
suggesting an inverse association with
prediabetes/type 2 diabetes. Glutamine
was evaluated in at least eight analyses,
but only three reported significant in-
verse associations (6,12,46). In addition,
the glutamine-to-glutamate ratio was
found to predict insulin resistance after
5 years in participants of the Insulin Resis-
tance Atherosclerosis Study (IRAS) (50).



837

Guasch-Ferré and Associates

care.diabetesjournals.org

gg8 'd uo panunuo)y

spioe Ajey ur sadueyd
:9509n|8 1190-150d
pue Sunsey ui saSueyd
*sA saSueyd ayjoqelaw
40 sJA G°9 Jano Apnis
J1weuAp {(sisAjeue
aA130adsoud 01 pJemioy
panow ‘quesyiusis

pajenosse
j0u spioe Aney (—) ‘@soon|8
1190-150d Ajuo pajoipaid
auIsoJA} ‘@1eansAd
‘a3e1de| ‘auluele (1)
‘9s00n|8 1 190-150d

pue 3unsey payipasd
ul9104dodA|8 pioe-j-0

(spidi| pue ‘sajesisqns

sayjoqeIdw 6T ‘€8T ‘auluelejAuayd ‘(auljea 9502n|3 |1 90-150d 21ua8oauoan|3 ‘spioe oulwe paseq
= u ‘ApmiS 000Z Y3eaH ‘aulona|os ‘auna)) pue Sunsey ‘ulnsul Sunsey pa198.e1 HET WOJ) paleosse sIA 6’9 ‘ejep uone|ndod puejui4
pue 1oyod pewesyald) syvog (1) :sejesisqns ‘D-1QH ‘01 ‘@inssaud (es0an|3 1190-150d Ajjeuo129s-s50.2 sa31j0qeIaw 1190 yum pue ‘anpdadsoud ‘Joyod (g) @1e) se19qeiqg
Apnis |BUOI1D3S-5504D) sisauadoauodn|8 ‘syydg  poojq 21101sAs ‘|INg ‘Xas ‘@8y pue 3unsey) sa1aqelpald wnids 6T ‘Aj9Andadsoud) payadiey ‘YN s912qelp JO 93J) 8T9 ‘Joyo) newesyald ‘ZTOT “IB 19 ZUNM
auluejejAusyd
pue ‘auisouA} ‘duranajosi
40 uoneuiquiod (J)
‘auna|os! (-) (Apnmas sih gt ‘(azL usapams
‘auiuelejAuayd @zl Aoisiy equased A13n02s1p ay1 woly saljoqeaw €91 /s912qelp ‘Oan
‘auIsoJA) ‘auljeA ‘auipnal (1)  ‘@soan|3 Sunsey ‘NG ‘xas ‘98y azl ewse|d juedyiudis g) parasiel [S/SIN-O1 OU €9T) 9ZE€  |0J1U0D-95EI PRISAN :uoneal|day
QzL Yum pajeposse
10u | 190 Suunp spoe
oulwe g ay1 ul sadueyd ()
‘auiuejejAuayd
‘auisouAy ‘Buianaos|
40 uoneuquiod (|)
{(auiuejejAuayd
‘auIs0JA] ‘BuljeA ‘auidna)| Q2L Jo A1oasiy |eyualed
‘BU1dn3|0s1) spide oujwe g (1)  ‘@sooan|8 Sunsey ‘NG ‘X3S @8y azlL
9-VINOH “HI-VINOH
uoleuUIquod pioe ‘ulnsul Sunsey yum
oulwe uo paseq sl Azl paie|a.i0d (duiuejejAuayd
Suiwayuod ‘Buudsyo ‘Bu1s0JAy ‘Buljea (d-VINOH
SH4 wouy pa323|as ‘auiona| ‘auidna|ost) ¥9JNSeaW uo138.103s ‘YI-VINOH ‘@s0an|3 (seujoqersw ewse(d Jejod sIA g1 ‘(azL
Ajwopueu s1a(gns spe oulwe s () 10 92ue)sisal ulnsul pue uinsui 1 190-150d 13y10 ‘sauiwe djuasolq ‘spioe 68T/s21908Ip SN (S) PN 31BN
S'S |043U0d QO Ul SIsAjeUY  :SpIdE OulWE d1jewole ‘Syydg  ‘@s0on|S Sunsey ‘|IAg ‘X3S ‘98y pue Sunsey) sa1aqelpald ewse|d oujwe T9) paiasiel ‘SN/SIN-IT Ou G8T) 8LE [043u0d-2seIPaIsaN  ‘Bunidsyo SH4 ‘ITOZ “|e 32 Suep
9:8€ 2d ‘9:¢Z 2d1 ‘PuUoq
3|gnop pue ‘ou uogJed
43y31Y Jo sovL (1) ‘2°9€ 2d
‘0:TZ NS ‘28T s3d1 ‘puoq
3|gnop pue ‘ou uogJed
Jamo jo sovL (1) ‘azL
JUBPIUI 1M pajeIdosse 2-1aH ‘OL “ulnsul Sunsey
sayjogelaw pidi| ST ‘9s03n|3 Bulisey ‘|G ‘xas @8y azL
YI-VINOH
YlIM Pa1eja.i0d 10U puoq
3|gnop pue ‘ou uogJed
J4ay31y Jo sOVL "dI-VINOH
sa1pnIsans Yum paje|a.100 puoq (Y1-VINOH ‘@s02n|3 (sws ‘sova sih 1 “(azL
1593 9s124ax@ INde 3|qnop pue ‘ou uog.ed J-1QH ‘DL ‘ulnsul Sunsey pue uinsul 1190-1s0d ‘s3d1 ‘sDd ‘sDd1 ‘s3D ‘SOVL 681/5919elp SN (6) 3s9Aur Ui 1
[ pue ‘|eaiSojoseweyd 191q 1amo| Jo sovy| (1) :spidil  ‘@soan|3 Sunisey ‘|IAg ‘xas ‘@8y pue Sunsey) sajaqeipaid ewseld :spidil 00T <) paiad.tel ‘SIN/SIN-D1 Ou 68T) /€ |043u02-9seapalsaN  ‘SBuudspo SHA ‘TTOT “[e 12 93yy
49102S papnjoul s3uipuy As) |opow paisnipe awWo02IN0 9|dwes s198.ie) awn ugisap Apnmis uoleao| ERIEYETEN]
Ayjenp saIpn3isqns Jayi0 AJ|n} ul selelieA0) |eai8ojolg  @ijoqelaw pueanbiuyda]  dn-mojjoy ‘N uolye|ndod
‘Apmis

s9jaqelp g 9dA) 10/pue sajjogeldul Jo suoljeloosse aAndadsold Hunyebisaaul satpnis Jo sonsudOBIRYD—T dlqeL


http://care.diabetesjournals.org

Diabetes Care Volume 39, May 2016

838 Metabolomics and Type 2 Diabetes

6€8 d uo panuijuo)d

Apnis uoissaudxa sus3
{(suiaseq 1e sajaqel
UM €€T/s919qe1p
OU £52°T) Weps1od-DId3
ul uofiedl|dal |euoi}das
-$5042 {($313qeIp yum
T6/59199eIp 0u 90Z‘T)
S's Apnisgns [euo[199s-s501)

pa1en|eas spioe
OUIWE YHUM paleosse
Jey} pa1sal 10 £f
JO JueLIBA YY)D 3[8uls
:Apnisqns uoissaidxa
auad {(se1aqel
oYUM 69¢°6)
(4% Apnisgns [euo[199s-s50)

131p 3110|eI-MO| J3)E
yjuow T pue a10j3q
sjuaned QT pue Asa8ins
ssedAq ouses uaye
yiuow T pue a10j3q
$919geIp yum sjuaned
95940 ZT Ul s3nsal
S juedaylusdis jo uonedlday
paieja. Ajjeaiweudp
j0u aulueejAuayd
pue syydg ul sadueyd
‘elwadA|8 1190-150d
pue Sunsey ul saueyd
UM PIRIDOSSE DU9M

20 auniuiedjAreoe

‘81 2d1 auRAI3 (-)

{(auisouAy ‘auijen ‘audna|

‘audna|os!) syydg (1)

:|0J3U02-95BD PaISaU

u| "z2 auuledhiaoe

(1) pue ‘z:81 2d1

‘auloA|3 (1) Jo uoneuiquiod
‘2:8T 2d1 UPA|D (1)

paieposse
j0u (suluejejAuayd
150JA1 ‘BuijeA ‘auiona)|
‘aupnajos) syvoa (-)
70 auniuieajhaoe ()
pue Z:8T 2d1
‘au1aA|8 (1) o uoneuiquiod
‘2:81 2d1 ‘@UIdAI3 (1)
:spidi| ‘spioe oulwy

‘auipnisiy (-) ‘auiwein|d
(1) ‘auiuejejAuayd
‘auisolAy ‘auronajos
‘aunng| ‘sujuele
(1) :sp1oe oulwe ‘syydg
paieposse
10U sa)joqeIdW
3jpAd eaun pue ‘pajejas
-2u01ay ‘s3 Jed|Ade
4O pasodwod $10319e4 3Y10
(=) “4I-VINOH Ui sadueyd
“YI-VINOH Y3uow-9
“I-VINOH 3ul[aseq yum
Pa3e[a.i0d S311|0qeIed
pajejau pue syyog
aul|9seq 40 40308} ‘sisAjeue
J032e) wouy (1) :syvog

J-1aH ‘@4nssaid poojq
211035As ‘Bunjows ‘@yejul
|oyoo|e ‘Ajanoe |eaisAyd

‘NG ‘X3s ‘@8e :|oJ3u0d
-958d pa3Isau ul {,3-1aH
‘aunssaud poojq ‘Sunjows

‘ayejul [oyodje ‘AnAioe

|eaisAyd ‘|INg ‘Xes ‘@8y

Lulnsur ‘9soon|3

Bunse} °TyqH ‘2-1aH

‘aunssaid poo|q ‘Suyows

‘ayejul [oyodje ‘Ajanoe
|eaisAyd ‘|INg ‘xas @8y

x9502n|3:ul|nsul
peojisod uiw 0g-0 ‘IINgG ‘@8Y

«Xapu| Sune3 Ayesy
“ySiam ui 8ueyd ysiem
‘Bwodul ‘uoneanpa ‘xas

(191 3uapioul) s33aqelpald

Yluow-g pue syjuow g

YI-VINOH) s919qelpald

(p31s31 os|e

SyvDg ‘sesAjeue anioadsoid
Ul pIEMIO) PALLIED € ‘SDdT ‘SDd
‘SIS ‘Saulwe d1uasolq ‘spioe
oujwe ‘sauniuiedjAde ‘9soxay
:s9sA|eue [BUOIII9S-55040

ul pa1asJel Ajjenul sayjogelsw

wnJas TET) Pa198.e) 'SN-VI4-D1

(auiweln|8 ‘auipnsi
‘auIs0JA} ‘BuIdN3|0S] ‘BuIdNI|
‘auljeA ‘auiuelelAuayd ‘Buiuele

wnias :SpIoe ouwe g) pajagiel ‘YIAIN

(sproe
oulwe GT ‘sauniuied|Ade Gy

ewse|d ‘sayjogeiaw 09) paiesiel 'SN/SIN

SIA £
‘191 Juappul
8TT/3uleseq
18 19N TH9
{(s4A £ ‘|os3uod
paydjew
-Ayisuadoud 16
/ATl T6 :|013u0d
-3sed paisau
os|e) sih £
‘azl apinul
16/2uljaseq

1e s3)9qelp OU 9/8

sih L'y “(aTLTST
/21wa2A|30wiou

SLE) uaw 925

syuow
9 pue auljaseq
‘lewy [eatuld
ay3 U1 y3em
3 v= 150| oym

sjuediped 0os

paseq
uolejndod
‘@n1p0adsoud Auewian
‘Hoyo) ‘VHOM
puejuy
|0J1U02-3582 PaISaN ‘INISLIN
Jeuy
[ea1uld B wouy
sjuediiyed
Jo Apnisgns
‘an13adsoud
‘4oyo) S'NNIM

(Sv) [o1g sAS JoN

‘TT0T “[B 13 Joes-8ue

(z1) sa1qelg

‘ZT0T “[e 32 eAOYBOURIS

(s5) e18ojoraqelq
‘TT0T “Ie 12 Yyeys

19102S papnjaul sSuipuy Aay |apow paisn(pe a|dwes SEEIEH awin u8isep Apnis uol3ed0| ERIEYETEN]
Aljenp  saipnisqns Jaylo AJ|ny ul sa1elIeA0) |ea13ojolg  93ljogeisw pueanbiuyds]  dn-mojjo) ‘N uolze|ndod
‘Apnis

penunuoD—T s|qeL



839

Guasch-Ferré and Associates

care.diabetesjournals.org

0v8 'd uo panuiuo)

Aunnoe
91e190e03190Y ()  |edisAyd ‘Bupjows ‘IINg @8y azl
paseq
sih g ‘(azL uoie|ndod
3)1e13080)308 IAI (918392801328 pUE 9/¢/s213qelp ou ‘an1pdadsoud puejui4 (8v) s;19qeiq
Sy Apnis uoissaudxa ausn ‘91eJAINgAX0IpAH-g (1)  [ea1sAyd ‘Bupjows ‘|Ng 98y  (DNV 2509n|S) sa1aqelpald wnuas  areshingAxospAy-g) parasiel ‘YINN 650'7) USW GEEY ‘Hoyod ‘INISLIN  ‘ETOZ “[e 33 uespuayelp
Ajo1e.0dBS
p1oe d13joul| ‘9-u ‘g-u (1)
{6-U pue /-U ‘sy4S ‘Sy44
‘SY4NIA ‘SapiadA|3uy ISI epnsiey ‘Avianoe
[e303 ‘j042A19 (1) [edisAyd ‘Bupjows ‘|Ng ‘98 acl
€-U 10} suoneposse
Juedyiusisuou (-)
|91eJedas pioe Jf9joul| pue paseq
(NNEN 9-u(1) ‘6-u pue £-u pue ‘sy4S (L1920 (a1y0ud sih gy ‘(azL uone|ndod
9y} wouy usw 86E‘6) ‘sy44 ‘V4NIA ‘sepliadA|Siy ISI epnsie|n ‘AdAL yum ejwadA|3 peopsod pioe A11ej winuas ‘spioe Ajje) aauy 9/t/s®12qeIp ou ‘anipadsoud puejuiy4 (£v) 248D sa13qeIq
Sy Apnisqgns |eu0I1035-5504D) 12103 ‘|0422A|8 () :spidi |eaisAyd ‘Bunjows ‘NG @8y pue 3unsey) salaqelpaid wnJas ‘10492413 ‘spidi|) pa1as.el ‘YAIN 650‘Y) UBW SEEY ‘[oyo) ‘NISLIN  ‘€TOZ “|e 38 uelpuayey
QuA3 (1) sih 66 ‘(azL
‘aujuisie ‘auiueje 0ET/s212qeIp
‘ajewen|3 ‘(auljea (squedior ou ZTv) Zvs paseq
‘aulona|os! ‘aulona)) as0on|8 |euolMppe g5 Ul spioe Ajiey pue sih 66 ‘(QzL uone|ndod
syvog ({) :swuedpnued Bunsey ‘sajaqelp jo SpI2e oulWe J3Y10 £7= ‘Id9-1 TST/s913qeIp ‘an13dadsoud
TS Ul 2d9-1 (1) ‘gH-o (1)  Asoisiy eua.ed NG ‘Xas 98y azL ewse|d ‘gH-©) pa3a8Iey ‘SIN/SIN-DTdHN ou 6Z1°7) 085°C ‘4oyo)  puejui4 ‘ejuiog
Apnisgns sih g
O}A Ul {(elulog ‘(azl 40 ‘Od)
ul €642 pue JS|y 9s500n|3 (wsijogelsw apnoapnu ‘9)2Ad 19| Juapioul (seuunod
ul syueddipied 0€0‘C 2d9-1 (1) ‘gH-o (1) :spoe Bunsey ‘sajaqelp jo eaJn ‘spide oulwe ‘sayljogelsw £21/5919q paseq €T) (1) se1eqeiq
S'S :ApnIsgns [eUOIIIBS-SS0I)  OUIWE ‘SyyDd ‘DdO-1 ‘GH-P  Aloisiy [eauaed ‘NG Xas 98y (VINOH) s@32qeIpaid ewse|d Sv) pa19siel ‘SN/SIN-DT ou6//) T97'T  uoniendod ‘boyo)y  adoun3 ‘DS|Y  ‘€TOZ “[e 3D luluue.LIDy
oljes ajewein|d (s3ewein|3 pue
-0}-aujwein|3 pue aulweln|3 ‘sisAjeue [euo11I9s
31ewen|s Joj suoelosse 9s0on|3 -SS0J2 UO Paseq salljogelaw sJA 2T ‘4N azl paseq
juedyiudisuou ‘Buiweln|o (1)  SBunseyauljaseq ‘|IAg ‘xas ‘@8y azl ewse|d pa129|as g pairasiel ‘SN/SIN-DT ‘sajagelp ou Oy  uolieindod ‘Loyo)  UIPaMS “DAIN
QuPA(3 ‘ones
sjewe)n|3-03-auiwein|3
pue sujweln|s
(VINOH 1) ‘aulen
‘auisolAy ‘auijoud
‘auiuejejAuayd ‘syyog
‘p1oe J1uaINUAY ‘DuIdA|8
Ayrawip ‘auniuied
‘auielaq ‘auiSesedse
‘auluele ‘1ewein|d
(VINOH 1) :SHA
{(s213qeIp INOYUM 9t/ oney (12WEIN|S PUB paseq
= U ‘DN pue ‘STO‘T alewe)n|s-01-aulweln|3 aulweln|3 ‘sisAjeue |euoidas uone|ndod
= U ‘SH4) seyjogelaw pue auiwein|3 (1) 9s0on|8 -$5042 UO paseq sa1ljogelaw SJA ZT 4N azL ‘anppadsoud SN (9) uonejnaiy
Sy St 40 Apnis |eU013295-5504) ‘91eweln|3 (|) :spe oulwy Sunseysuljaseq ‘|G ‘X3S 98y azl ewse|d pa303[95 7) paadier [SN/SIN-D1 /s®13qeIp ou 109 ‘Woyo)  ‘Buudsyo SH4 ‘210Z “[e 1@ 8uay)
19402s papnjoul s3uipuy A9y |opow paisnipe awodInQ 9|dwes SEFITH awin ugisap Apnis uoi1ed0| EFIVEIEIEN
Aljenp  saipnisgns JaylQ Aj|ny ul sejelieno) |ea13ojolg  9Mjogelsw pueanbiuyds)  dn-mojjo} ‘N uolie|ndod
‘Apmis

panunuod—T slqeL


http://care.diabetesjournals.org

Diabetes Care Volume 39, May 2016

840 Metabolomics and Type 2 Diabetes

I8 'd uo panuiuo)

@1ewe)n|3/suiweln|s
pauiqwiod ‘Buiuele
‘aujuejeeAuayd ‘auina|osi
Jo aupna| ‘auilea (1)
‘auiBesedse/aeliedse
paulquiod pue auA|9 (1)

1:8D pue €01 ‘HO

Aad1uyss ‘g ‘xas ‘@8y

azL

siA g ‘(azL 9L

- aumuied |AuAingAxolpAy /s@13qelp ou 0/)
-¢ (1) ‘@1eweyn3/auiweinis sjuedidiyed 9pT
pauIquiod ‘auisolAy {(Ayanisuas (uesuawy
‘auiuejejeAuayd ‘aunajos ulnNsul Moj G/ paseq uedlyy pue
10 3upna| ‘aulleA (1) ‘0z /Auanisuss uoljeindod ‘-21uedsiy (0s) qersinN
pue T:5) auniuIed ‘auuss (LLD0) 22ue3sisas (sauniuiesjAse ‘spioe oulwe uinsul ysiy zz) ‘anpdadsoud ‘-ueadoun3) |outpopul Ul
S SUON  ‘auPA|3 (1) :sauniued|Ade ‘Syydg Ayd1uy3a ‘INg ‘xes ‘e8y nsul-sajaqelpaid ewse|d ‘sa}l|oqelaw 69) pa1asiel ‘SIAI/SIN syuedpied /4T ‘Uoyod RS ‘STOZ “[e 39 Jaw|ed
91eJAIngAxoipAy-¢
pue a1esAingAxoipAy-z (s1e8ns pue ‘spioe ouiwe ‘spid sihg Auewian
(azL 6S) swuaned gze ‘asouuew (|) EIER] ‘96T) pa1e8ie) ‘sanbiuyoay SN ‘(1043u02 Ayajeay ‘ssoJ) (£) ®uo so1d
S ur Apnisgns |euo(193s-ss01) :sayjoqelaw Jedng ‘D4 ‘sa3aqelp ‘|INg ‘xes ‘@8y azL ewseld  /SIN-D1 PUe ‘SIN-D9 ‘SIN-INIS-DD 96/ATL 87) bTT [043u0D-35eIPRISAN  Pay UelieAeg  ‘pTOZ “[e 3@ B1agped
usw ul Y| ([s4ayr0 puejuiy4
-VINOH pa121paud auisoAy HI-VINOH 3uljaseq pue ‘2jua8oauoan|s Onewose paseq ‘suuly
‘auiue|ejAuayd ‘auijea ‘Ananoe |eaisAyd ‘Sunjows ‘syyDg] spioe oulwe TT) paiadiey sIA 9 ‘sa19q uone|ndod Sunoj
‘auiana)| ‘auldna|ost (1) ‘D] “2-1aH ‘aunssaid {D1dH aseyd-asianal pue noyum ‘anippadsoud 1ys1y (95) a1e) sa1aqelq
v Apnisgns [BUOI109S-SS0J)  :SPIOE OUlWE J1jeWOIR ‘SyyDg poojq 21103sAs ‘|INg @8y (¥1-VINOH) s18qeipaid wnuas 211e400s! pue Adodsos1oads YAN  s3npe SunoA 089‘T ‘Uoyo)  Jejnasenolpie) ‘€TOTZ “[e 19 ZUNM
sih €T “(azL uapams
4S9INseaw ujjnsui ‘aso0on|3 (semjogeraw 0z) 29T/s213qeIp “Jan
vwv-z (1) unse} pue |Ng ‘xes @3y acL ewseld pa3128.1e3 ‘SN/SIN-01 Pue JIIH OU Z9T) ¥ZE |043u02-35eOPa)SAN  :uonedl|day
sanssi ||92
pue aojw ul Apnisgns
‘SH4 wouy pajdaas sih zt ‘(azL
Alwopuel T95T +S94NSeaw ujjnsul ‘9s0an|3 (samjoqersw oz) 881/5919q 's'n (6%) 3s9AUl LD [
S'S ur Apnisqns |euonippy vwv-z (1) Bunsey pue |Ng xos 98y azL ewse|d pa1a8uel [SIN/SIN-D1 pue DITIH OU 88T) 9/€  [043U0I-3seIPaISAN  ‘BuldspO SHA ‘€T0T “|e 39 Buem
8502n)3 ‘uoisuayadAy
‘peauq ureid-sjoym ‘yeaw
paJ ‘934400 ‘uoneanpa (S ‘spidijoydsoydouadA|s paseq Auewusn
(z 40108)) ‘Aianoe |eaisAyd ‘Supjows ‘9soxay ‘sploe oulwe sih £ ‘(azL uone|ndod ‘Joyod
SpIoe OUIWE pue s)d ‘9)ejul [0yod|e ‘@IuaJa) ‘sauniulesjAoe ‘sayijogelaw T6/5919qeIp ‘an1pdadsoud V4O
Buluiqwod J032ey ‘soxaH (|)  -wnaud 3siem ‘|IAg ‘Xes ‘@8y azl wnJas €9T) pa1asdiel ‘SIN-VI4-D1 ou g8/) 9/8 ‘4oyo) :uoieoi|day
(z J0108y) SajogeIBW
953y} SujuIquiod J0joe)
SV Vb ‘STH ‘90K
‘€:7€D Dd-Aj[e-Aoe z:81D
auloyApneydsoydosA
‘T:9TD INS ‘duiAj3 (1) 'svwoa
{(T 4010B)) S°M|OGRIBW BSAY)
Suluiquiod J1012ey) ‘(S:01D
€:8€D ‘T:9€d ‘T:2€D) suoisuanadAy ‘pealq
Jd-|Aseip ‘auiuejejAusyd ules3-sjoym ‘yesw pas
(Apnas 4n1 ‘@soxay () ‘gzl yum 99JJ09 ‘uoneanpa ‘Ajiande (SIS ‘spidijoydsoydouadA|s
woJj sueiseane) pajerdosse Ajueayiudis |eaisAyd ‘Supjows ‘@xejul ‘9soxay ‘spioe oulwe siA £ ‘(azL
9/) se1aqelpaud jJo sa3l|oqeiaw T :siedns |oyod|e ‘@auasajwnau ‘sauniuiedjAoe ‘sajljogelaw 008/s213qelp Auewian (9) s@1aqeiq
S'S Apnisgns |euoi3das-ssou) ‘spidi| ‘spioe ouiwe ‘syydg 1sIeM ‘|INg ‘X3S @8y (e[4} wnJas €9T) pa1asiel ‘SIN/SIN-VI4 ou z82°7) 780 Hoyod ase)  ‘wepsiod-did3 ‘€10 “[e 32 [989014
194025 papn|oul sSulpuy As)| |opow paisnipe awo021n0 9|dwes s1a8.e1 awn u8isap Apnis uol3ed0| ERIEYETEN]
Aujenp sa1pnisqns JayiQ Aj|ny ul se1elieno) |eai8ojoig  91ljogeldw puesnbiuyds]  dn-mojjo} ‘N uone|ndod
‘Apnis

panunuoD—T s|qeL



841

Guasch-Ferré and Associates

care.diabetesjournals.org

*Aj2Anoadsal ‘Ajijenb Jay8iy pue Jamo| Jo aq 01 PaJapISUOI 313M 9 O 7 PUB € 01 O WO $340IS UM SIPNIS ‘paiwns a1am $3.109S “(paljdde sem Suiisal uosiiedwod ajdijnw pue ugisap Apnis Joj aieidoidde aism sayoeoudde [ea1IsieIs pue uoleulw.a1ap

21ewsa sk i 3ulod T) sisAjeue pue ‘(3s0on|3 uiisey pue ‘|G ‘X3S ‘@3e 104 1se3| 1e paisnipe a1am s|spow ay3 41 Juiod T) SulpuNo4uO 4O |013U0D ‘(pauUYap S1aM s333qeIPa.d /S312qgeIp JO) BLIIID J1 Julod T) SW02IN0 pajepljeA ‘(pazAjeue sa1jj0geis pue poyiaw sdiwojogeiaw jo uoidissp 41 juiod T)
S213s119)9R.1RYD 94nS0dxa ‘(21enbape pue paqLasap dn-moj|o) Jo ssaua1a|dwod Ji Julod T) UoiILINIe ‘(JUBWIINIIBL JO UOIIEDO| puk ‘polsad ‘Suljdwes Jo pJoJaJ e Sem 213y} JI pue paliodal BLISILII UOISN|IX3 PUB UOISN|oUl puB paquasap aiam uoliejndod Apnis ay) Jo sansueieleyd Ji quiod T) uonediyed
Buipn)pui ‘(uouad 4ad juiod T 01 dn) eldID g Suisn passasse sem Ajljenb Apnisy uosiiedwod ajdi}nw 1oy Pa13.I0d 3IaM SISA|BUY, "SIERA ‘SIA ‘DduBUBIUIBIA SSOT YSIBM ‘INTM ‘SIN Yum pajdnod I auewopad-enn ‘SIN-DT1dN 71 duewuomad-ysiy-enn I1dHN ‘Ajiwed uaduigny ‘4n ) ‘sopledASul
‘0] ‘sa19qelp z adAy ‘agl ‘sulpAwosuiyds ‘NS ‘Apnis Ajiwued LeaH Suons ‘SHHS ‘sproe A1e) pajelnies ‘sy4S {palIsIAZY 1uaig pPUY |[eYInosS ‘I¥gYS ‘saulwejoueyisjApineydsoyd O ‘pariodaluou YN ‘@auess|ol 9502Nn|S [ewou ‘I ON ‘Spioe Ale) pajenjesunouow ‘y4nIAl ‘USIAl Ul SWoIpUAS J1ogeISIAl ‘INISLIIN “4edue)

pue 331g OWIBIA “DQIAl ‘BIUBISISaJ UINSul JO Xapul BPNSI|A| “YI-epnsielA ‘sauljoyajApieydsoydosA| ‘D47 |ol81sajoy2 1d1 “O-1a1 Xepul Al
‘W14 ‘Apms 1eaH weySuiwe.d ‘SH ‘spioe Ajje) 9a.) ‘sy44 ‘5j0J90A18|A0elp ‘Oyq ‘S4e159 [043159|0YD ‘3D ‘@und sy Japun eale Ny ‘uisloidodijode ‘ody “seiaqelp g adAj Jo s)ies) se1aqeIpaid Yum (3SU JaMo ‘9)j0geIsiu Jamo)

ISUS UIINSUl ‘|S| ‘92ueJa|0] 9500n|S padiedwi ‘] 9] ‘37 duewlouad-ysiy ‘91dH ‘21 uonaesaiul dliydolpAy ‘DIH ‘[042159j0Yd TaH D-1aH ‘@eshiingAxolpAy-o ‘gH-o ‘sisAjleue uonasfui-mojy
3) uoneosse asianul ‘(1) ‘uonenosse ou ‘() sy Jaydiy ‘ujogelsw Jaydiy “8-3) uonenosse samisod (1)

SUelsy YIS Ul sppe
OUILE JJEWIOE PUE SYy/Dg
JO UoneuIquIod pue auIsoJAY
PpUe ‘aUPN3)| ‘UPN3[OS! JO
UONeUIGUIOD ‘BuIUee ‘BuISoIA)

siA 6T ‘(azL
€11/59130RIP
ou gg9)

‘auiuejejAuayd ‘auljeA ‘auna) 1INg ‘@500n|3 Sunsey usw ueadouny (ueadoung
‘aupnalosi (|) ‘usw ueadoing ‘uondwnsuod joyodje TO8 pue (zal paseq pue ueisy
Ul SPIDE OUJWE 4O} SUONBIDOSSe ‘Bupjows “IQH “YI-epnsiein £TT/s13q¢eIp uonejndod yinos)
Jueoyiugisuou () :usw ‘SSaUIIYY P|ojJuD|s [eauUNI) ou 0g/) usw ‘anipdadsoud pue|Su3 (#S) e18oj01aqeiqg
(7% Apnisgns [eUOI}3S-SSOI) Ul SPIDE OUILE JNEWIOIE ‘SyyyDg ‘ojed 1ys1ay-o1-1siem a8y azl wnias (Sp1oe oulwe g) pa1agiel ‘YN UBISY YInos £00‘T “u0yo) ENENS ‘STOZ “|e1d U
sajoided 1gH a8.e
‘3-1aH (1) ‘ones >-1aH
-uou—03—gody ‘ol3es J-1d1
—-0)-Tyody ‘saja1nied 1g1A Ajnizoe
98.e| ‘sapnted 1@1A Jlews (1) [eaisAyd ‘Bupjows ‘|Ag ‘@8 azL
sopiped 1gH 28] 2-1aH (1)
‘ones J-1gH-uou—o3-gody
‘ones D-1q1-01-gody ‘ones
2-1H-03-Tvody ‘sopiued paseq
Q1A 98se| ‘sapiued sih g ‘(azL uonejndod
IQ7A Jlews ‘sapiued a1 IAI (uiyoudodijode 9g¢€/sa12qelp ou ‘anipdadsoud puejuiq (€5) sisosasosayly
S'E SuoN llews 1@7 ‘gody ‘Tvody (1) |eaisAyd ‘Bunjows ‘NG 98y (DNV 9s0dN|3) sa1aqelpald wnies  pue sujoudody)) pa3esiel ‘YN TZZ'9) usw £09'9 ‘Hoyo) ‘WISLAN  ‘STOZ “[e 33 enojazl4
S31j0geIaW 3581
4O UONeUIGWIOD 3Y) pue
3)1j0geISW UMOUNUN Ue pue
sapndadena) Siy-4AL-dsy
-na7 pue 8uy-3)I-N|9-18N
10 ‘uenejjosi-Axoyraweiuad
-8,§' %" €' z-Axoiphy
-£-(S€) (:02/9'22) 2d
(1) ‘sanj0qeIaW 3say3
JO UOIeUIGWOD BY) pue
‘a)l|oge1aW umouyun ue
AuaydigAxoapAy-z (1) *HI-YINOH siA g's ‘(azL (uesuawy
{(umoujun g ‘umouy §) ‘9s00n|3 8unsey ‘01 ‘2-1aH (s2anyeay ayj0qelaw €€T/5919qeIp annen) (zs) a1eD sa1aqelq
[ JuoN soyljogelaw £ :spidi] ‘Y499 ‘NG 4931udd ‘XS @8y azl ewse|d 000‘TT<) pe138ieun ‘SIN-O1 0U 867) TEY  |043U02-35BD PSS ‘'S'N ‘S4HS ‘GTOT “[e 32 oeyz
(0:91-0/0:02-0)3d/(0:8T-0
/0:81-0)3d/(T1:9€)2d
/(r8€)2d ‘(5:22/0:8T-0)2d
/(0:8TWPLY:2T) d
‘a1eydsoydip |AuaingjAyiaw +Ppeaiq uies3-ajoym eaw
-|Axo1pAy ‘(apnnosppnu paJ ‘@94402 ‘saSelanaq
auund) ajeydsoydouow J1j0yoo|e ‘uoisuapiadAy
-,G-auisouapejAuaiuados! ‘uoneanpa ‘Supjows sih 9 ‘(gL
(joxsou ‘@sopnuy ‘Ajianoe [eaisAyd ‘@ausuay (sa4n3eay ajoqelaw 00€g/s219qeIp Auewuan (T8) wayd up
(57 auoN ‘9500n|3) s1ens asoxaH (1) -winaJm 1siem ‘|Ng ‘@8y azl wnJas 00S'v<<) pa1asieiun ‘SIN-D1dN ou 00€) 009 |043U0D-3SEIPISAN  ‘Weps1od-Dlid3 ‘STOZ “|e 3@ ueSouq
194025 papn|aul s3ulpuy As)| |opow paisn(pe awo021nQ 9|dwes s128.e) awn u8isap Apnis uo|3ed0| ERIEYETEN]
Ayjenp $alpn1sqns Jayl0 AJIn} ul sa1een0) |edi3ojolg  @ujogelaw pueanbiuyda]  dn-moj|o} ‘N uonejndod
‘Apmis

panuRUOD—T 3|qeL


http://care.diabetesjournals.org

842 Metabolomics and Type 2 Diabetes
|

Another study identified a novel pre-
dictor of type 2 diabetes, 2-aminoadipic
acid (2-AAA) (49). In a nested case con-
trol of the Framingham Offspring Study,
individuals in the top quartile of 2-AAA
concentrations had 4.5-fold higher risk
of type 2 diabetes independently of fast-
ing glucose after 12 years (49); this was
replicated in the Malmo Cancer and Diet
Study, with a follow-up of 13 years, with
similar results of fourfold higher risk of
diabetes (49). Moreover, these findings
were validated in mice and tissue exper-
iments in which 2-AAA modulated glu-
cose homeostasis in vivo, and, further, in
vitro experiments indicated that 2-AAA
had an effect on insulin secretion in
pancreatic 3-cells and isolated islets (49).
Meta-analyses of Amino Acids. Eight stud-
ies examining the prospective associa-
tion between several amino acids and
type 2 diabetes were included in meta-
analyses (5,6,12,13,45,46,50,54). Figure
2 shows the pooled RR for incident
type 2 diabetes per study-specific SD dif-
ference in the amino acid analyzed. For-
est plots for each individual amino acid
meta-analysis are shown in Supplementary
Fig. 1. The pooled RRs for incident type 2
diabetes per study-specific SD difference in

the BCAAs isoleucine, leucine, and valine
were 1.36 (95% Cl 1.24-1.48), 1.36 (1.17—
1.58), and 1.35 (1.19-1.53), respectively,
with no significant evidence of between-
study heterogeneity for isoleucine and leu-
cine (* = 9.5%, P for heterogeneity = 0.36,
and * = 37.4%, P for heterogeneity = 0.172,
respectively) and moderate heterogeneity
for valine (I = 45.8%; P for heterogeneity =
0.086) (Supplementary Fig. 1).

Aromatic amino acids, tyrosine and
phenylalanine (per study-specific SD in-
crement), were also significantly associ-
ated with higher risk of type 2 diabetes
in pooled analyses (RR 1.36 [95% CI
1.19-1.55], /> = 51.6%, P for heteroge-
neity = 0.053) and (1.26 [1.10-1.44], I* =
56%, P for heterogeneity = 0.034) (Fig.
2), respectively. The pooled analyses for
isoleucine, phenylalanine, and tyrosine
combined resulted in 43% greater risk of
type 2 diabetes (1.43 [1.13-1.80]), but
the heterogeneity was high (/* = 74.5%,
P for heterogeneity = 0.003). Glycine
and glutamine were associated with 11
and 15% lower risk of diabetes, respec-
tively, with no evidence of heterogene-
ity (0.89 [0.81-0.96] and 0.85 [0.82—
0.89], respectively, both /> = 0.0%,
both P for heterogeneity >0.6) (Fig. 1).
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The pooled RRs for incident type 2 di-
abetes per study-specific SD difference in
alanine and histidine were 1.19 (95% ClI
0.99-1.42) and 0.98 (0.91-1.06), respec-
tively, with no significant evidence of
between-study heterogeneity (> =34.8%
and /? = 11.3%, respectively, both P for
heterogeneity >0.2) (Supplementary
Fig. 1). Arginine, ornithine, and methio-
nine were also associated with a higher
risk of type 2 diabetes, although two of
the three estimates were unadjusted
for confounding factors (arginine 1.19
[1.14-1.25], > = 9.9%, P for heterogene-
ity = 0.330; ornithine 1.10 [1.05-1.15], I =
84.3%, P for heterogeneity = 0.002; and
methionine 1.45 [1.38-1.52], /* = 92.7%,
P for heterogeneity <0.001). Serine was
not significantly associated with type 2 di-
abetes (0.97 [0.91-1.03], /* = 0.0%, P for
heterogeneity = 0.527) (data not shown).

For all metabolites, findings were similar
in secondary analyses using a fixed-
effects approach and also when includ-
ing the unadjusted estimates converted
from means. All results, except for histi-
dine, were also consistent across sub-
group analyses by study design, sample
analyzed, and technique, with all show-
ing significant positive associations

METABOLITE RR (95% CI) N studies P
BCAA
Isoleucine —— 1.36 (1.24-1.48) 6 9.5%
Leucine I - i 1.36 (1.17-1.58) 5 37.4%
Valine b ® | 1.35 (1.19-1.53) 7 45.8%
AROMATIC ACIDS
Tyrosine b » i 1.36 (1.19-1.55) 7 51.6%
Phenylalanine | 5 { 1.26 (1.10-1.44) 7 56%
OTHERS
Glycine —— 0.89 (0.81-0.96) 6 0%
Glutamine o 0.85 (0.82-0.89) 5 0%
Alanine # Py ) 1.19 (0.99-1.42) 3 34.8%
Histidine —— 0.98 (0.91-1.06) 4 11.3%
0.6 0.8 1.0 1.2 14 1.6 18

Relative Risk for Type 2 Diabetes

Figure 2—Pooled estimates of type 2 diabetes risk associated per study-specific SD difference in each amino acid from prospective studies. Overall
estimates obtained from forest plots and random-effects meta-analysis of studies evaluating BCAAs and other amino acids and incidence of type 2
diabetes. Estimates were derived from the most fully adjusted model in each included analysis. Closed circles and horizontal bars represent the

overall estimates and 95% Cls.
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between these amino acids and type 2
diabetes. For histidine, results differed
by study design (significant for case-control
studies but not for population-based
studies) and biological sample (signifi-
cant for plasma but not for serum).
Meta-regressions did not show signifi-
cant differences in effect estimates by
sex for any of the metabolites analyzed
(all meta-regression P > 0.10). However,
the power to detect heterogeneity
across any of these factors may be lim-
ited given to the relatively small number
of studies. Finally, the Egger and Begg
tests did not indicate the presence of
publication bias. Visual inspections of
the funnel plots were in agreement
with the statistical test, with no appar-
ent asymmetry.

Lipid Metabolites and Acylcarnitines

The relationships between lipid metab-
olites and risk of prediabetes/type 2 di-
abetes were evaluated in 16 prospective
studies (Table 1). Most of the studies
found significant associations between
at least some of the lipid metabolites
and prediabetes/type 2 diabetes; however,
because of the wide range of lipid me-
tabolites, the results differed across
studies. No single lipid metabolite
had a reported estimate of association
with type 2 diabetes in at least three
studies. Therefore, according to our pre-
specified criterion of at least three esti-
mates for a given metabolite required
for conducting meta-analysis, it was not
feasible to meta-analyze any of the lipid
metabolites. The great majority of the
studies analyzing lipid metabolites ap-
plied targeted approaches, except for
two that were untargeted (51,52). On
average, 40-50 lipid metabolites were
targeted. The most common analytic
technique was MS, and the most com-
monly analyzed lipid classes were tri-
glycerides, phosphatidylcholines, and
sphingomyelins. As an example, findings
from the Framingham cohort in which
participants were followed for 12 years
revealed that out of >100 lipid metabo-
lites analyzed, a total of 15 were associ-
ated with incident diabetes (9). Authors
concluded that lipids of lower carbon
number and lower double-bond content,
especially triacylglycerols (TAGs), were
associated with higher risk of prediabetes
and type 2 diabetes, while those with
higher carbon number and more double
bonds were associated with lower risk (9).

Further, individuals in the upper quartile
of the combination of the strongest
positive and negative predictors, TAG
50:0 and TAG 58:0, respectively, had
4.30-fold higher risk of type 2 diabetes
compared with the lowest quartile, inde-
pendently of fasting insulin and glucose
(9). Baseline lower levels of LPC 18:2
predicted impaired glucose tolerance
and type 2 diabetes after 7 years of follow-
up in the KORA study (45). This study
also reported that the combination of
higher acetylcarnitine C2 with lower LPC
18:2 and glycine were predictors of dia-
betes (45). Ferrannini et al. (13) observed
that lineoleoylglycerophosphocholine
(L-GPC) was inversely associated with
the risk of incident dysglycemia in the
Relationship between Insulin Sensitivity
and Cardiovascular disease (RISC) study
(OR per SD 0.64 [95% CI 0.48-0.85]) and
the risk of type 2 diabetes in the Botnia
study (0.67 [0.54-0.84]) after adjust-
ment for potential confounders includ-
ing fasting glucose. In a case-cohort
study in the framework of the European
Prospective Investigation into Cancer and
Nutrition (EPIC)-Potsdam study, replicated
in KORA, diacyl-phosphatidylcholines
(C32:1, C36:1, C38:3, and C40:5) were
associated with higher risk of type 2 dia-
betes, while sphingomyelin and acyl-
alkyl-phosphatidylcholine C18:2 were
associated with lower risk (6). Other
relevant findings include the asso-
ciation of a-hydroxybutyrate with
incident dysglycemia in the RISC
study (1.25 [1.00-1.60]) and incident
type 2 diabetes in the Botnia study
(1.26 [1.07-1.48]) (13). With respect
to acylcarnitines, five targeted and
two untargeted analyses investigated
some of these metabolites; three anal-
yses found significant associations
with prediabetes/type 2 diabetes
(6,45,50). In IRAS, of the 45 acylcarnitines
analyzed, greater concentrations of car-
nitine C4-OH and C10:3 and lower con-
centrations of carnitine C5:1 and C20
were associated with insulin resistance
(50).

Carbohydrate Metabolites

Seven of the targeted and two of the
untargeted analyses included sugar me-
tabolites or gluconeogenesis substrates
(Table 1). Of these, five studies reported
significant associations for different
sugar metabolites (6-8,51). In a nested case-
cohort study conducted in EPIC-Potsdam,
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in which 163 total metabolites were
analyzed (34 were associated with
type 2 diabetes), principal components
analysis identified that a factor including
hexose (along with diacyl-phosphatidyl-
cholines, BCAAs, aromatic amino acids,
and propionylcarnitine) was signifi-
cantly associated with 3.82 times the
risk of diabetes. In replication analyses
presented in the same article, higher
concentration of hexose was associated
with type 2 diabetes in EPIC-Potsdam and
in the replication in KORA (6). In a second
study, a separate case-control study
nested in EPIC-Potsdam that used an un-
targeted approach, hexose sugars (e.g.,
glucose, fructose, and inositol) were
strongly associated with higher risk of
type 2 diabetes. In contrast, individuals
in the highest tertile of sugar alcohols
and deoxyhexose sugars had substantially
lower risk of type 2 diabetes (51). Finally,
in the Bavarian Red Cross study, elevated
concentrations of mannosamine and
mannose were prospectively associated
with future type 2 diabetes (7).

CONCLUSIONS

This systematic review and these meta-
analyses identified a number of plasma
metabolites prospectively associated with
prediabetes and type 2 diabetes in hu-
mans, when analyzed using comprehensive
high-throughput metabolomics techniques.
Current evidence suggests that carbohy-
drate (glucose and fructose), lipid (phospho-
lipids, sphingomyelins, and triglycerides),
and amino acid (BCAAs, aromatic amino
acids, glycine, and glutamine) metabolites
not only are altered in individuals with
type 2 diabetes but also exhibit significant
prospective associations with prediabe-
tes and/or type 2 diabetes. Our results
from prospective studies support robust
positive associations of BCAAs (leucine,
isoleucine, and valine), aromatic amino
acids (tyrosine and phenylalanine), and
inverse associations of glycine and gluta-
mine with incident type 2 diabetes. The
present meta-analyses provide the most
comprehensive analysis to date of the as-
sociations between BCAAs and other
amino acids and the risk of type 2 diabe-
tes. These results suggest that alterations
in blood BCAAs and aromatic amino acids
identified using metabolomics techniques
may be useful in identifying novel bio-
markers of type 2 diabetes.

Several potential mechanisms may
underlie these observations. Circulating
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amino acids may directly promote insu-
lin resistance, possibly via disruption of
insulin signaling in skeletal muscle
(5,58); there could also be a decreased
uptake and increased release of BCAAs
from skeletal muscle due to increased
protein catabolism in insulin resistance
(12). Furthermore, BCAAs can modulate
insulin secretion (58) and promote dia-
betes via hyperinsulinemia, leading to
pancreatic 3-cell exhaustion (5). Together,
current evidence suggests that elevations
of blood BCAAs may be early signals of
deterioration of glycemic control and in-
sulin sensitivity. Other specific amino acid
findings, such as increased alanine and
glutamate and decreased glutamine and
glycine concentrations, were also identi-
fied as potential predictors of insulin
resistance and type 2 diabetes. These
findings suggest pathways specific to
amino acid catabolism that may play an
important role in the development of
type 2 diabetes (58).

Lipidomics have also revealed that a
number of lipids may be predictive of
prediabetes and type 2 diabetes. How-
ever, inconsistent results have been re-
ported in different studies, suggesting
that it is also important to take into ac-
count the specific lipid fractions where
lipids have been analyzed, and some
lipid metabolites have only been reported
in a single study and have not been rep-
licated. In general, medium- and long-
chain saturated and unsaturated fatty
acids were reported to be elevated in
prediabetes and type 2 diabetes case
subjects, while short-chain fatty acids
were found to be depleted in type 2 di-
abetes case subjects compared with
healthy nondiabetic control subjects
(30,37). Reduced sphingomyelin synthe-
sis was associated with increased reac-
tive oxygen species and reduced insulin
secretion (59). Free fatty acids impair
the action of insulin via mechanisms in-
cluding accumulation of intracellular
lipid derivatives (e.g., diacylglycerol and
ceramides), oxidative stress, inflamma-
tion, and mitochondrial dysfunction
(31). Some acylcarnitines have been
reported to be associated with higher
likelihood of prediabetes and type 2 di-
abetes; namely, acetylcarnitine C2 was
higher and propionylcarnitine was
lower in type 2 diabetes case compared
with control subjects (38). Carnitine-
O-acetyltransferase is a mitochondrial ma-
trix enzyme that produces acylcarnitine

from carnitine and acetyl-CoA; higher
expression of carnitine-O-acetyltrans-
ferase could explain the elevated levels
of acetylcarnitine C2 in individuals with
prediabetes or diabetes (60). Further-
more, alterations of lipids are common
in prediabetes states, possibly reflect-
ing alterations in triglyceride lipolysis,
which could either contribute to or
be a result of the dysregulation of glu-
cose metabolism (30).

The hexose sugars (e.g., glucose, fruc-
tose, and inositol) were also associated
with future risk of prediabetes and di-
abetes in prospective studies (6-8,51).
These results may partly be explained by
the fact that type 2 diabetes is itself typ-
ically defined by hyperglycemia (61).
Other sugar metabolites, including des-
oxyhexose, dihexose, mannose, arabi-
nose, fructose, and also certain glycolipids,
were associated with prediabetes and/or
type 2 diabetes status in cross-sectional or
case-control studies (30,40). In addition,
1,5-anhydroglucitol was found to be lower
in patients with type 2 diabetes (40); this
metabolite is correlated with HbA;. and has
been previously proposed as a short-term
marker of glycemic control (62).

Since lifestyle and dietary interven-
tions have a great impact on type 2 di-
abetes prevention (63), future studies
should focus on metabolic biomarkers
that can modulate the effects of dietary
intake, and vice versa, and their relation
toinsulin resistance and diabetes. In ad-
dition, certain biomarkers are directly
derived from the digestion and gut ab-
sorption of food constituents; therefore,
future studies relating metabolites derived
from gut microbiota and type 2 diabetes
may be of interest. The applications of
these new approaches will contribute to
future progress in the field of molecular
nutritional epidemiology (64).

Several limitations of our study should
be acknowledged. Although our search
strategy was not limited to English, we
may nevertheless not have identified
studies that were unpublished or pub-
lished in languages or in journals not in-
dexed in PubMed or EMBASE; however,
the main scientific journals are published
in English and indexed in these databases.
Misclassification of the studies and publi-
cation bias should also be acknowledged
as a potential limitation. To avoid this, we
had three authors independently review
the studies. A meta-analysis of obser-
vational data cannot fully control for

Diabetes Care Volume 39, May 2016

residual or unmeasured confounding.
Nevertheless, we included adjusted esti-
mates from multivariable models from
each contributing study. In contrast to
amino acid metabolites, meta-analyses
of lipid and carbohydrate metabolites
were not feasible because too few esti-
mates were reported for any given me-
tabolite. Thus, conclusions regarding
these metabolites are drawn from quali-
tative review and should be interpreted
with caution.

The strengths of the current study in-
clude that our data were derived from a
systematic and comprehensive ap-
proach, thus minimizing the possibility
that any major published report was
missed. The inclusion of meta-analyses
of BCAAs and amino acids predictive of
type 2 diabetes provides the best avail-
able evidence to date regarding these
associations. The results of our meta-
analyses were consistent regardless of
whether random-effects or fixed-effect
models were used and also in subgroup
analyses intended to identify potential
sources of heterogeneity. There was no
evidence to suggest publication bias af-
ter exclusion of the single study that ac-
counted for the heterogeneity of some
of our results. However, other potential
sources of heterogeneity, some difficult
to ascertain, could have affected the
results (65). For example, the use of
fasting versus nonfasting blood; its
appropriate collection, handling, and
storage; how diabetes was ascertained;
and the quality-control calibration con-
ducted for metabolomics analysis may
differ between studies. Future studies
with higher statistical power to assess
sources of heterogeneity need to ac-
count for these factors.

Summary

Taken together, the present systematic
review provides evidence that several
metabolites, including BCAAs and aro-
matic amino acids, hexoses, phospho-
lipids, and triglycerides, are associated
with the risk of prediabetes and type 2
diabetes. Our data indicate that the
BCAAs isoleucine, leucine, and valine
and the aromatic amino acids tyrosine
and phenylalanine are positively associ-
ated with the risk of type 2 diabetes,
whereas glycine and glutamine are in-
versely associated with diabetes. Further
research is needed on the metabolic bio-
markers that are modulated by dietary
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intake and gut microbiota and their
relationships with insulin resistance and
diabetes. Use of these and other new
approaches may contribute to future
progress in the field of diabetes, molec-
ular nutritional epidemiology, and per-
sonalized medicine.
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