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Metabolomic studies aimed to dissect the connection between the development of type 2 diabetes and obesity
are still scarce. In the present study, fasting serum from sixty-four adult individuals classified into four sex-
matched groups by their BMI [non-obese versus morbid obese] and the increased risk of developing diabetes
[prediabetic insulin resistant state versus non-prediabetic non-insulin resistant] was analyzed by LC- and FIA-
ESI-MS/MS–driven metabolomic approaches.
Altered levels of [lyso]glycerophospholipids was the most specific metabolic trait associated to morbid obesity,
particularly lysophosphatidylcholines acylated with margaric, oleic and linoleic acids [lysoPC C17:0:
R = −0.56, p = 0.0003; lysoPC C18:1: R = −0.61, p = 0.0001; lysoPC C18:2 R = −0.64, p b 0.0001]. Several
amino acids were biomarkers of risk of diabetes onset associated to obesity. For instance, glutamate significantly
associatedwith fasting insulin [R=0.5, p=0.0019] and HOMA-IR [R=0.46, p=0.0072], while glycine showed
negative associations [fasting insulin: R = −0.51, p = 0.0017; HOMA-IR: R = −0.49, p = 0.0033], and the
branched chain amino acid valine associated to prediabetes and insulin resistance in a BMI-independent manner
[fasting insulin: R=0.37, p=0.0479;HOMA-IR: R=0.37, p=0.0468].Minority sphingolipids including specific
[dihydro]ceramides and sphingomyelins also associated with the prediabetic insulin resistant state, hence de-
serving attention as potential targets for early diagnosis or therapeutic intervention.

© 2016 Elsevier B.V. All rights reserved.
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1. Introduction

Metabolomics [1] is opening avenues to the discovery of biomarkers
associatedwith insulin resistance and type 2 diabetes (T2D) [2–5].Most
of the human large-scale population-based studies carried out so far,

however, mirrored the strong epidemiologic relationship between obe-
sity and the impairment of glycemic control, and no emphasiswas given
to dissect the connection between obesity and diabetes or on the impact
of the degree of adiposity in differentiating diabetic and nondiabetic in-
dividuals [6–10]. Hence, the identified metabolites of diabetes often co-
incide with obesity markers and not enable to corroborate the actual
contribution of obesity in their predictive capacity.

Moreover, since the establishment of T2D generally occurs in a later
phase of the natural history of obesity [11], the identification of bio-
markers of early diabetes onset prior to its clinical diagnosis is crucial
to define the first metabolic derangements associated with incipient
glycemic control impairment, and ultimately promote prediction,
early diagnosis and intervention of the disease at earlier stages [12].

Even so, evidence indicates that individuals' risk of developing dia-
betes may not uniformly depend on their body size [13,14]. Obese pop-
ulation subsets who maintain blood sugar control parameters within
the normal range do exist, even at evolved stages of obesity (Body
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Mass Index, BMI ≥ 40) [15], as well as T2D occur among adult lean indi-
viduals [16]. Although the clinical relevance of these subgroups remains
debated [17], the study of discordant metabolic phenotypes for obesity
and diabetes provides a unique and poorly unexploited opportunity to
examine the interrelations between adipose tissue expansion and the
gradual development of T2D and its sequelae [disease risk assessment].
However, the studies focused on them are still very scarce, small-scaled
[18–20] or not focused on humans [21].

In the present study, we propose that the metabolic profiling of
human concordant and discordant phenotypes for obesity and predia-
betes/insulin resistancewould define themetabolic alterations associat-
ed to adipose tissue expansion from those related to the incipient failure
in the glucose homeostasis, and help to dissect the connection between
the two diseases.

Univariate statistics was first applied to highlight any significant
metabolic variation among the phenotypic groups in study. Age-adjust-
ed regression analysis was used to assess the statistical significance of
the relations of individual metabolites with the clinical traits of morbid
obesity and prediabetes/insulin resistance, and the significant associa-
tionswere visualized into organicmetabolic networks. Finally, the diag-
nostic power of the most discriminant metabolites in correctly
classifying the obese and prediabetic/insulin resistance phenotypes
was evaluated.

2. Material and Methods

2.1. Subjects and Study Design

Sixty-four adult individuals (19men and 45women)were recruited
at the Virgen de la Victoria University Hospital and Carlos Haya Hospital
(Málaga, Spain). Overall exclusion criteria were acute or chronic infec-
tion, a history of cancer, a history of alcohol abuse or drug dependence,
and all type of antidiabetic, corticosteroid, or antibiotic drug treatments.
Other treatments including anti-inflammatory, antihypertensive and
anti-cholesterolemic agents were recorded, but not restricted. The fol-
lowing measures were used for the clinical characterization of the sub-
jects in study: a) anthropometric markers, measured by trained
personnel using standardized techniques: body weight (kg), BMI (cal-
culated as weight in kg/height2 in m2), waist circumference (cm), hip
circumference (cm) and waist-hip index; b) markers of glucose regula-
tion: plasma concentrations of fasting glucose (FG, mmol/L), fasting in-
sulin (μU/mL), calculated Homeostatic Model Assessment (HOMA-IR
index, arbitrary unit), glycated hemoglobin (HbA1c) concentration (%,
mmol/mol), when available; c) blood pressure markers: diastolic and
systolic blood pressure (mm Hg); d) blood lipid markers (mmol/L):
total cholesterol, low-density lipoproteins and high-density lipopro-
teins cholesterol, and triglycerides.

The individuals were then classified into four sex-matched pheno-
typic groups according to their BMI (non-obese if: BMI = 18,5–26,9
kg/m2; morbidly obese if: BMI N 40 kg/m2) and to the risk of developing
type two diabetes based on fasting plasma glucose concentrations and
insulin resistance (non-prediabetic/non-insulin resistant state if: FG b

100 mg/dL and HOMA-IR b 2.5; prediabetic/insulin resistant state if:
100 ≤ FG b 126 mg/dL and HOMA-IR N 3.4).

The cut-off of HOMA-IR for identifying insulin resistant individuals
was obtained experimentally by dividing the entire initial cohort into
quartiles, and revealed to be higher than that generally accepted as
the clinical definition of insulin resistance (N2.60), in linewith previous
reports [13]. The study protocol was approved by the local Ethics and
Research Committees (Hospital Universitario Virgen de la Victoria, Má-
laga) and all participants provided written informed consent.

2.2. Serum metabolomic profiling

Fasting morning serum was stored at −80 °C until analysis.
Metabolomic measurements were performed through two different

platforms. A TSQ Vantage™ triple quadrupole mass spectrometer with
ESI-II Ion Source (Thermo Scientific) equipped with a binary HPLC sys-
tem was used for the in-house running of the AbsoluteIDQ p180 Kit
(Biocrates Life Sciences AG, Innsbruck, Austria), through a standardized
protocol as described bymanufacturer. Data acquisition was carried out
using liquid chromatography tandem mass spectrometry (LC-MS/MS,
5 μL injection volume, ESI+, Thermo Scientific Hypersil GOLD 3.0 μm
2.1 × 100 mm HPLC column), and flow injection analysis tandem
mass spectrometry (FIA-MS/MS, 10 μL injection volume, ESI+ and
ESI-) techniques. The remaining lipid metabolites were quantitatively
analyzed via a high-throughput flow injection ESI-MS/MS screening
method by Biocrates AG service (Innsbruck, Austria) through a validat-
ed protocol.

Serum samples were analyzed in a randomized batch format, to
avoid run-order effects. Quality control samples including three refer-
ence plasma spiked with increasing concentrations of the targeted me-
tabolites (QC1, QC2, QC3) and zero samples (10 mM phosphate buffer
with internal standards) were analyzed every 20 injections, throughout
the whole run, to control the stability and performance of the system
and evaluate the quality of the acquired data. Quantifications were
achieved by multiple reaction monitoring, by reference to multipoint
calibration curves and/or in combination with the use of stable iso-
tope-labelled and other internal standards, to compensate formatrix ef-
fects, as previously described [22]. Data evaluation and quantitative
data analysis was performed with MetIDQ™ software (Biocrates Life
Sciences AG) enabling isotopic correction and basic statistical analysis.
Validated analytical methods were applied, in conformance with FDA
Guidelines (U.S. Department of Health and Human Services 2001), as
described by the manufacturer (UM-P180-THERMO-3).

2.3. Statistical analysis

Statistical analyses were performed in the R environment (R version
3.1.2). After excluding those metabolic measures below the limits of
detection in N25% subjects in any of the phenotypic groups, and with
high analytical variance in the QC2 replicates (CV N 25%), 246 suc-
cessful metabolites remained for further analysis (Supplementary
Table 1). Metabolite levels were log-transformed and Pareto scaled,
missing values were imputed using nearest neighbor averaging
(k= 10) and the potential effects of age and drug intake on themeta-
bolomics data was removed by the application of a feature selector on
each dependent variable, according to the Akaike Information Criterion
[23].

Univariate statisticswasfirst applied to highlight any significant var-
iation among all the four phenotypic groups in study, and between the
morbid obese and prediabetic/insulin resistance phenotypes (ANOVA
and HSD Tukey contrasts for pairwise mean comparisons, p = 0.05,
q = 0.05).

Age-adjusted regression analysis was used to assess the statistical
significance of the relations of individual metabolites with the clinical
traits of obesity (BMI) and prediabetes/insulin resistance (fasting glu-
cose concentrations, HOMA-IR). The significant metabolite-metabolite
and metabolite-clinical correlations were visualized into an organic
metabolic network (Cytoscape 3.3.0), where nodes represent metabo-
lites while edges configure any positive or negative significant relation
among them. Significance (adjusted p-value b0.05) and correlation de-
gree cut-offs were set (adjusted Spearman's partial correlation coeffi-
cients N |0.35|) similarly to previous studies [24].

Finally, we evaluated the capacity to correctly classify the subjects in
their phenotypic groups by using their metabolic profiling, without the
help of clinical predictors, and compared the diagnostic power of the
metabolic profiling with that of the clinical measures available. To do
that, the most robust metabolic markers were first selected by features
selection techniques, so to generate a consensus list of successful meta-
bolic classifiers, and their diagnostic power was evaluated by applying

54 S. Tulipani et al. / Clinica Chimica Acta 463 (2016) 53–61



Download English Version:

https://daneshyari.com/en/article/5509857

Download Persian Version:

https://daneshyari.com/article/5509857

Daneshyari.com

https://daneshyari.com/en/article/5509857
https://daneshyari.com/article/5509857
https://daneshyari.com

