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Abstract

Objective We aimed to identify a lipidic profile associated with type 2 diabetes mellitus (T2DM) development
in coronary heart disease (CHD) patients, to provide a new, highly sensitive model which could be used in clinical
practice to identify patients at T2DM risk.

Methods This study considered the 462 patients of the CORDIOPREV study (CHD patients) who were not diabetic

at the beginning of the intervention. In total, 107 of them developed T2DM after a median follow-up of 60 months.
They were diagnosed using the American Diabetes Association criteria. A novel lipidomic methodology employing
liquid chromatography (LC) separation followed by HESI, and detection by mass spectrometry (MS) was used to anno-
tate the lipids at the isomer level. The patients were then classified into a Training and a Validation Set (60-40). Next,

a Random Survival Forest (RSF) was carried out to detect the lipidic isomers with the lowest prediction error, these
lipids were then used to build a Lipidomic Risk (LR) score which was evaluated through a Cox. Finally, a production
model combining the clinical variables of interest, and the lipidic species was carried out.

Results C-tandem MS annotated 440 lipid species. From those, the RSF identified 15 lipid species with the low-
est prediction error. These lipids were combined in an LR score which showed association with the development

of T2DM. The LR hazard ratio per unit standard deviation was 2.87 and 1.43, in the Training and Validation Set respec-
tively. Likewise, patients with higher LR Score values had lower insulin sensitivity (P=0.006) and higher liver insulin
resistance (P=0.005). The receiver operating characteristic (ROC) curve obtained by combining clinical variables

and the selected lipidic isomers using a generalised lineal model had an area under the curve (AUC) of 81.3%.

Conclusion Our study showed the potential of comprehensive lipidomic analysis in identifying patients at risk
of developing T2DM. In addition, the lipid species combined with clinical variables provided a new, highly sensitive
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model which can be used in clinical practice to identify patients at T2DM risk. Moreover, these results also indicate
that we need to look closely at isomers to understand the role of this specific compound in T2DM development.

Trials registration NCT00924937.
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Background

Diabetes mellitus, a metabolic disorder defined by high
blood glucose levels (i.e. hyperglycaemia) [1, 2], cur-
rently affects 422 million people worldwide according
to WHO. T2DM (or non-insulin-dependent diabetes)
represents circa 90% of all those cases. Furthermore,
the prevalence of T2DM is expected to grow to 643
million patients by 2040 [3], which could have a detri-
mental impact on public health systems.

The simultaneity of T2DM with CHD raises the
risk of mortality by up to 80% compared to the ratio
observed across individuals without CHD [4], thus
worsening the prognosis for these patients. Faced with
the current scenario, there is an urgent need to improve
our knowledge about the underlying mechanisms of
this disease to find out new strategies to diagnose and
treat these patients. Despite T2DM being associated
with higher levels of circulating free fatty acids and tri-
acylglycerols, the knowledge of lipid species associated
with T2DM remains unclear [5].

Dyslipidaemia associated with T2DM is character-
ized by increased concentrations of low-density lipo-
proteins (LDL) cholesterol particles, low levels of
high-density lipoproteins (HDL) cholesterol, and high
plasma triglycerides [6, 7]. However, this definition of
T2DM dyslipidaemia could be seen as inaccurate given
the number of different classes observed in multiple
molecular species among the lipoproteins and triglycer-
ides-rich particles. A previous study assessing diabetes
risk identified two main plasma lipid profiles formed by
different lipid classes associated with T2DM develop-
ment [8]. In this study, the risk of T2DM was associated
with high levels of triacylglycerols (TGs), diacylglycer-
ols (DAGs), and phosphatidylethanolamines (PEs), and
low levels of lysophosphatidylcholines (PCs), lysophos-
phatidylethanolamines (LPCs), phosphatidylcholine-
plasmalogens (PC-PLs), sphingomyelins (SMs), and
cholesterol esters (CEs), showing that the profile linked
with T2DM is defined by different lipid classes. Despite
incipient scientific interest in the lipidomics of T2DM,
the literature is still very limited, and further research is
required to confirm the role of these species. However,
the studies published so far do not distinguish between
the different lipidic species and/or isomer pairs within
the same lipid family, which could result in inconsisten-
cies between different publications.

In this study, we carried out a highly-sensitive lipi-
domic protocol capable of defining the compounds at
such a level of detail [9]. We aimed to identify which lipid
species at baseline were associated with T2DM develop-
ment in CORDIOPREYV, a 7-year dietary interventional
study with patients with CHD designed to aid the early
detection of patients at risk of becoming diabetics. The
identification of lipidic species with predictive power, in
combination with clinical variables, may also contribute
to explaining which underlying metabolic mechanisms
may be linked with T2DM.

Methods

Study subjects

The current work was conducted within the framework
of the Coronary Diet Intervention with Olive Oil and
Cardiovascular Prevention Study (CORDIOPREV; Clini-
cal trials.gov. Identifier: NCT00924937). This is an ongo-
ing prospective, randomized, open, controlled trial with
1002 patients. The patients received conventional treat-
ment for CHD and had their last coronary event took
place over 6 months before joining the study. The vol-
unteers followed one of two different dietary models, a
Mediterranean or a low-fat diet, for 7 years, in addition
to their conventional treatment for coronary heart dis-
ease [10].

The patients were recruited principally at the Reina
Sofia University Hospital (Cordoba, Spain), with contri-
butions from other health centres in Cordoba and Jaen,
between November 2009 and February 2012. The eligi-
bility criteria, design, and methods of the CORDIOPREV
clinical trial were already reported [10]. Briefly, patients
were eligible if they were i) aged between 20 and 75 years,
ii) had established CHD without clinical events in the
last 6 months, iii) were willing to follow a long-term die-
tary intervention and iv) did not have severe diseases, v)
did not have an estimated life expectancy of fewer than
5 years. All the patients gave written informed consent to
participate in the study. The trial protocol was approved
by the ethic committee of Reina Sofia University Hos-
pital in Cordoba (No. 1496/27/03/2009), following the
Helsinki Declaration and good clinical practices. The
experimental protocol conformed to international ethical
standards.
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Our study included 462 patients from the CORDIO-
PREV study (N=1002). These patients had not been
diagnosed with T2DM at the beginning of the study
according to specifications from the American Diabe-
tes Association (ADA) T2DM diagnosis criteria [11]. Of
these 462 patients, 4 were excluded from the study due to
technical difficulties in the analytical procedure, resulting
in a final n of 458 patients.

These patients were followed up for a median of
60 months and 107 developed T2DM (incident-DIAB),
according to the ADA T2DM criteria [11], by which
the incidence of T2DM was evaluated every year as
follows: fasting plasma glucose>126 mg/dL and 2 h
plasma glucose in the 75 g oral glucose tolerance test
(OGTT)>200 mg/dL and/or HbAlc plasma lev-
els>6.5%. The baseline medication of the subjects in the
study are shown in Additional file 1: Table S1.

Study experimental design

The study design has been previously described [10, 12].
In brief, the participants were randomized to receive
two diets: an MED diet or an LF diet. The LF diet con-
sisted of<30% total fat (<10% saturated fat, 12—14%
monounsaturated fatty acids (MUFA) fat, and 6—8% poly-
unsaturated fatty acids (PUFA) fat), 15% protein, and
a minimum of 55% carbohydrates. The MED diet con-
sisted of a minimum of 35% of calories as fat (22% MUFA
fat, 6% PUFA fat, and <10% saturated fat), 15% protein,
and a maximum of 50% carbohydrates. In both diets,
the cholesterol content was adjusted to <300 mg/dL. At
the beginning of the study and every year, each patient
had a face-to-face interview with a nutritionist to fill in
a previously validated 137-item semi-quantitative food
frequency questionnaire [13] and a validated 14-item
questionnaire to estimate the adherence of the patient
to the Mediterranean diet. This questionnaire was then
used to produce a Mediterranean diet score [14]. An
OGTT was carried out as previously described [15].

Lipidomic analysis

The protocol to carry out the lipidomic analysis is
described elsewhere [9]. Briefly, the analysis was per-
formed using LC separation followed by HESI in nega-
tive or positive mode and detection by MS/ MS. The
separation was carried out using a Kinetex C18 100 A
column (100 mm X3 mm id., 2.6 pm particle size) from
Phenomenex (Madrid, Spain) protected with a C18 pre-
column (4 mmXx3 mm), also from Phenomenex. The
composition of mobile phase A was 60:40 (v/v) deionized
water:acetonitrile, while phase B was 85:10:5 (v/v) isopr
opanol:acetonitrile:deionized water. Both phases con-
tained 5 mM ammonium formate and 0.1% (v/v) formic
acid as ionization agents [16].
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Random survival forest

The lipidomic data were normalized using log transfor-
mation and scaled in multiples of 1 standard deviation
(SD). We then performed a random classification of
patients into two different datasets: a Training Set with
274 patients (60% of the total), in which the variables
were selected using RSF [17], and a Validation Set, with
184 patients (40% of the total), to validate the results.
The lipids with the highest predictive power for T2DM
development were identified in the training set using RSF
in combination with a backward selection procedure in
the training set [18]. This procedure identified 15 lipids
out of the 440 from the dataset as closely correlated with
T2DM development.

Lipidomic Risk score building

We performed a Cox proportional hazards regression
analysis with the 15 lipids selected by RSF in the Train-
ing set to determine the potential use of these lipids as
an independent predictor of T2DM development. Next,
a LR Score was built by multiplying the coefficients
obtained for every lipid in the previous step (the Cox
analysis) by its plasma concentration. This LR Score was
built into both the Training and the Validation set. Fur-
thermore, patients were classified according to the score
generated to carry out a second Cox proportional haz-
ards regression with each one of those variables, adjusted
by diet, age, gender, body mass index (BMI), HDL, TGs,
and statin intensity treatment. Finally, the predictive
capacity of this score was evaluated by classifying the
same population with different cut-off points.

Statistical analysis

We used RStudio [https://cran.r-project.org/, R version
3.6.2 (2019-12-12)] and SPSS statistical software (IBM
SPSS Statistics version 21.0) for the statistical analy-
sis of the data. The normal distribution of variables was
assessed using the Kolmogorov—Smirnov test. The results
are reported with the mean + standard error of the mean
(SEM) for continuous variables and with frequencies for
categorical variables. P-values<0.05 were considered
statistically significant. The statistical differences in the
metabolic variables between groups were evaluated by
one-way analysis of variance (ANOVA), and qualitative
variables were compared using the Chi-square test. A
repeated-measures ANOVA test was used to determine
the statistical differences between indexes during the
OGTT at baseline and after five years of follow-up. The
post hoc statistical analysis was followed by Bonferroni’s
multiple comparison tests. A generalised lineal model
was carried out combining the 15 lipidic isomers and the
clinical variables of interest [19, 20].
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Results

Baseline characteristics of the participants

The baseline characteristics of the subjects in the study
are shown in Table 1. The values of BMI, weight, waist
circumference, TGs plasma levels, HbAlc, fasting glu-
cose, fasting insulin, and HOMA-IR were higher in
the incident-DIAB group than in the non-DIAB group
(p<0.05). Conversely, the insulin sensitivity index (ISI),
insulinogenic index (IGI), and disposition index (DI) val-
ues were lower in the incident-DIAB group than in the
non-diabetic patients at baseline who did not develop
T2DM after the follow-up period (non-DIAB) group
(p<0.05). The characteristics of the subjects in the study
after a median follow-up of 60 months are shown in
Additional file 2: Table S2.

Random survival forest

A stepwise RSF was carried out in the Training Set (60%
of patients) to select the lipids with greater predictive
power for T2DM development. Thus, the 15 lipids that
produced the lowest prediction error, out of a total of
440 lipids variables originally tested, were included in the
final model (Fig. 1 and Table 2).

Table 1 Baseline characteristics of the population for type 2
diabetes mellitus incidence study

Incident-DIAB Non-DIAB  P-value
n 107 355 n/a
Men/women (n) 87/20 302/53 n/a
Age (years) 58.75+0.87 5733+050 0.171
Weight (kg) 8570+ 147 8249+072  0.037
BMI (kg/mz) 31.39+047 29.88+022 0.002
Waist circumference (cm) 105.28+1.08 101.73+£0.57 0.003
Serum triacylglycerols (mg/dL) 132.60+6.60 11945+3.24 0.059
Total cholesterol (mg/dL) 164.97 +3.41 160.65+1.62 0217
HDL-cholesterol (mg/dL) 4352+£1.04 4458+0.53 0355
LDL-cholesterol (mg/dL) 93.40+2.66 91.10+133 0421
CRP (mg/L) 2.88+0.29 251+0.17 0329
HbA1c (%) 6.03+£0.03 5.86+0.02 <0.001
HbA1c (mmol/mol) 42.37+0.36 40.51+£0.19  <0.001
Fasting glucose (mg/dL) 96.18+1.04 92.59+053  0.002
Fasting insulin (mU/L) 10.51+£0.66 8.34+0.31 0.001
ISI 3.35+0.20 432+0.14 0.001
HOMA-IR 3374030 2.58+0.09 0.001
|Gl 0.64+0.30 1.08+0.06 0.025
Disposition Index 0.83+0.05 1.03+0.03 0.003

Means values+S.EM

Incident-DIAB: non-diabetic patients at baseline who developed T2DM after a
median follow-up of 60 months; non-DIAB: non-diabetic patients at baseline
who did not develop T2DM after a median follow-up of 60 months; BMI: body
mass index; HbA1c: glycated hemoglobin A1c; ISI: insulin sensitivity index; IGI:
insulinogenic index

One-way ANOVA P-values
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To evaluate the relationship of these lipids with the
development of diabetes, an individual Cox proportional
regression model was made for each of the 15 selected
lipids. In total, 8 of the 15 lipids were directly associated
with T2DM development, while 7 of them were inversely
associated with T2DM development. It is important to
note that different members of the PC, PE, phosphati-
dyl glycerol (PG), and phosphatidyl inositol (PI) families
were associated with both the development and non-
development of T2DM (Table 3).

Moreover, the model with the 15 lipids produced a C
Index of 0.714; but when the clinical variables (i.e., diet,
age, gender, BMI, HDL, TGs, and statin intensity treat-
ment) were added into the model, the C Index increased
to 0.757, while the clinical variables, taken separately,
showed a C Index of only 0.618 (Table 4). In addition,
ROC curves of clinical variables separately yielded an
AUC of only 0.645, whereas the 15 selected lipids yielded
an AUC of 0.771, which rose to 0.813 when the clinical
variables were included. Meanwhile, the clinical vari-
ables separately yielded an AUC of only 0.645 (Fig. 2A).
This difference between the two models, including only
clinical variables, and clinical variables plus lipids, was
statistically significant according to the DeLong test
(p-value=3.16e—06).

We then tested the predictive power of the RSF model
with the selected lipids in the Validation Set. The C Index
was 0.703 for lipids, which rose to 0.755 when the clini-
cal parameters were included, which had previously
yielded 0.653 when they were tested separately. ROC
curves of the selected lipids yielded an AUC of 0.742,
which increased to 0.799 when the clinical variables were
included, while the clinical variables taken separately
yielded an AUC of only 0.659 (Fig. 2B). The DeLong test
comparing both models carried out in the Validation Set
was also statistically significant (p-value=0.01).

Results from the score based on the lipidomic profile

A LR Score was built to assess the relationship between
the lipidomic profile and T2DM development (see Mate-
rials and Methods). To achieve this, the coefficients
obtained for each of the 15 lipids in the Cox proportional
hazards regression were multiplied by the lipid concen-
trations in plasma for each subject (Table 3). Finally, we
added together the contribution of each product to build
the LR Score. Next, a Cox proportional hazards regres-
sion was carried out with the LR Score created in both
the Training and the Validation Sets. The results showed
an unadjusted hazard ratio (HR) of 2.72, and an adjusted
(by age, gender, diet, BMI, treatment with statins, HDL-
¢, and TGs plasma levels) HR of 2.87 in the Train-
ing set. Meanwhile, in the Validation set, there was an
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Fig. 1 Selection of the best model by Random Survival Forest. Selection in the Training set of lipid species with a higher predictive power for type 2
diabetes, by applying an Random Survival Forest in combination with a backward selection procedure

Table 2 Selection of lipids included in the model with the
lowest prediction error in the Training Set

Lipid Iteration Error
PE(16:1/18:1) 426 0.349
PG(16:1/18:1) 427 0.350
PI(18:0/18:1) 428 0354
PE(16:0/18:1) 429 0361
PI(18:0/18:2) 430 0.363
PC(P-16:0/18:1) 431 0.360
TG(16:0/16:0/15:0) 432 0370
TG(16:0/15:0/14:0) 433 0.368
PI1(16:0/16:0) 434 0.362
LPC(20:1) 435 0.360
PE(18:0/18:2) 436 0.360
PE(O-20:0/18:0) 437 0.367
PC(P-16:1/18:0) 438 0.380
PS(16:0/18:0) 439 0450
PG(16:2/20:4) 440

PE: phosphatidylethanolamine; PG: phosphatidylglycerol; P,
phosphatidyl inositol; PC: phosphatidylcholine; TG: triacylglycerols; LPC:
lysophosphatidylcholine; PS: phosphatidylserine

unadjusted HR of 1.54, and an adjusted HR of 1.43, per
one SD increase.

Next, the prediction power of the score created was
evaluated by categorizing patients according to the LR

Score by ascending tertiles, quartiles, and the median, in
both the Training and the Validation set.

In the Training set (Fig. 3), subjects from the High
(unadjusted HR: 6.34; and adjusted HR: 7.44) and Inter-
mediate (unadjusted HR: 2.70; and adjusted HR: 2.96)
groups of the tertile classification showed significantly
higher T2DM risk than the Low LR Score group. Besides,
when the patients were classified into quartiles, sub-
jects in the High (unadjusted HR: 9.55; and adjusted
HR: 12.35) and the High-Intermediate (unadjusted HR:
4.78; and adjusted HR: 5.58) LR Score groups presented
a greater risk of T2DM development when compared
with the Low LR Score group (reference). Finally, when
patients were classified by the median, a higher T2DM
risk for patients in the High group (unadjusted HR: 3.99;
and adjusted HR: 3.98) was observed compared with the
Low LR Score group used as the reference.

We also analysed the LR Score in the validation set
(Fig. 4). When patients were categorized by tertiles, sub-
jects in the High LR Score group (unadjusted HR: 2.87;
and adjusted HR: 2.52) presented a higher T2DM risk
than the group of patients classified in the Low LR Score
group (reference). Moreover, when patients were organ-
ized by quartiles, we observed a higher T2DM risk in the
High LR Score group (unadjusted HR: 5.31; and adjusted
HR: 3.84), with the Low LR Score group as a reference.
Finally, when patients were classified by the median,
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Table 3 Association between lipids selected and type 2
diabetes mellitus development in the Training Set, per standard
deviation increase

Coeff HR  95% Clfor HR Linear Trend
Lower Upper

Model 1
LPC(20:1) —-043 065 049 0.88 0.004
PC(P-16:0/18:1) -020 082 059 1.14 0.233
PC(P-16:1/18:0) 019 122 088 1.69 0.243
PE(16:0/18:1) 000 100 073 138 0.993
PE(16:1/18:1) -003 097 071 132 0.853
PE(18:0/18:2) -027 076 056 1.02 0.072
PE(O-20:0/18:0) 016 117 093 147 0.191
PG(16:1/18:1) 021 123 090 1.68 0.194

PG(16:2/20:4) -009 092 066 1.28 0.603
PI(16:0/16:0) -004 09 074 1.24 0.738
PI(18:0/18:1) 014 1.5 090 146 0.256
PI1(18:0/18:2) -023 079 059 1.06 0118
PS(16:0/18:0) 048 162 086 3.07 0.136
TG(16:0/15:0/14:0) 018 119 066 214 0.556
TG(16:0/16:0/15:0) 012 113 085 1.51 0.405
Model 2
LPC(20:1) -040 067 049 092 0.014
PC(P-16:0/18:1) -020 082 057 1.17 0277
PC(P-16:1/18:0) 020 123 088 172 0223
PE(16:0/18:1) 012 113 080 1.60 0.491
PE(16:1/18:1) -015 087 064 1.19 0391
PE(18:0/18:2) -033 072 056 0.93 0.012
PE(O-20:0/18:0) 007 107 084 137 0.588
PG(16:W/W8:1) 025 128 091 1.80 0.151

PG(16:2/20:4) —-007 093 065 134 0.702
PI(16:0/16:0) -004 096 072 1.29 0.799
PI(18:0/18:1) 011 112 086 1.46 0.395
PI1(18:0/18:2) -034 071 052 098 0.035
PS(16:0/18:0) 065 192 095 3.88 0.069
TG(16:0/15:0/14:0) 001 101 054 1.88 0.976
TG(16:0/16:0/15:0) 021 124 091 1.68 0.176

Model 1 was unadjusted and Model 2 was adjusted by age, gender, diet, body
mass index, high density lipoproteins-cholesterol, plasma triacylglycerols, and
statin intensity treatment

HR: hazard ratio; CI: confidence interval. LPC: lysophosphatidylcholine; PC:
phosphatidylcholine; PE: phosphatidylethanolamine; PG: phosphatidylglycerol;
Pl, phosphatidyl inositol; PS: phosphatidylserine; TG: triacylglycerols

Table 4 Parameters of the different models

Training set Validation set

C-Index ROC C-Index ROC
Lipids 0.714 0.772 0.703 0.742
Clinical parameters 0618 0.645 0.653 0.659
Lipids +clinical parameters 0.757 0.813 0.755 0.800

Page 6 of 13

patients in the High group (unadjusted HR: 1.90; and
adjusted HR: 1.73) had a higher risk of T2DM develop-
ment compared to the Low LR Score group.

Relationship between Lipidomic Risk score and insulin
resistance and beta-cell functionality indexes

We also studied the relationship between LR Score, insu-
lin resistance, and beta-cell function as assessed by vali-
dated indexes during the follow-up (Fig. 5). The patients
were organized by ascending tertiles of the LR Score.
It was found that subjects in the High LR Score group
presented lower values of ISI than subjects with Low
and Intermediate LR Scores (P<0.001 and=P=0.011,
respectively). We also found that the High LR Score
group presented lower values of DI than subjects with
Low and Intermediate LR Scores (statistical trend;
P=0.070 and=P=0.081, respectively). Moreover, the
High LR Score group also presented higher values of the
Hepatic insulin resistance index (HIRI) (P=0.005) com-
pared with patients in the Low LR Score group.

Discussion

Despite the determining role of dyslipidaemia in T2DM,
the molecular mechanisms and the involvement of the
specific lipid species behind this role are not yet well
understood [21]. Over the last few years, lipidomics has
been proposed as a method to elucidate the changes
that occur in metabolism thanks to its precision in dis-
tinguishing between different lipids species [5]. In our
study, we identified 15 lipid species, selected by RSF from
a total of 440. These compounds were included in a lipid
species-based score which was statistically associated
with T2DM development risk. Moreover, patients with
higher LR Score values have higher T2DM risk, lower
insulin sensitivity as determined by the ISI index, and
higher hepatic insulin resistance, as determined by the
HIRI index.

T2DM is currently the most prevalent form of diabe-
tes, affecting around 380 million people worldwide, and
accounting for 90% of all cases. It is also on the rise,
mainly due to the prevalence of sedentary lifestyles and
inadequate diets [22]. Changes in lifestyle, including die-
tary interventions and exercise, have proven effective in
preventing diabetes [23]; however, it remains difficult to
predict which individuals will benefit from such interven-
tions. This is particularly relevant in the case of patients
with CHD, given that the co-occurrence of CHD together
with T2DM significantly boosts the risk of macrovascular
complications and mortality, and leads to around 80% of
all deaths [4].

Current predictive models in T2DM research com-
bine classic biomarkers and risk factors, including serum
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Fig. 2 Receiver operating characteristic curves of the model including the clinical variables separately and the model including the 15 lipids
and the clinical variables. The clinical variables included: age, gender, diet, body mass index, high density lipoproteins-cholesterol, plasma

triacylglycerols, and statin intensity treatment. AUC: area under the curve

parameters, anthropometric characteristics, and factors
related to lifestyle. On the FINDRISC questionnaire [24],
the patient provides information on whether they have
ever had high blood glucose levels and if they regularly
take treatment for hypertension, along with informa-
tion on age, gender, nutritional habits, and family his-
tory. On the other hand, the ADA questionnaire only
includes information provided by the patient regarding
age, gender, weight, family history, and physical activity.
The predictive power of these models is moderate, and

they include information provided by the patient, which
reduces the reliability of the prediction of T2DM. There-
fore, reliable, highly accurate predictive biomarkers are
currently required to efficiently assess the risk of develop-
ing T2DM in clinical practice, which is especially impor-
tant in patients with cardiovascular disease (CVD).

This study showed that the predictive capacity of the
clinical variables was significantly improved by the addi-
tion of 15 lipid species, selected by RSF from a total of
440 determined by our experimental approach. To the
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Fig. 5 Relationship between lipid profile and insulin resistance

and beta-cell functionality indexes according to the ascending
tertiles of the Lipidomic Risk score. Patients were categorized
according to the Lipidomic Risk score by ascending tertiles. ANOVA
for repeated measures p-values adjusted by age, gender, diet, body
mass index, high density lipoproteins-cholesterol, and plasma
triacylglycerols. Global p-values: P(time): time effect; P(tertile): tertile
of the Lipidomic Risk score effect; P(interaction): time by tertiles

of the Lipidomic Risk score interaction

best of our knowledge, this is the first time that a lipid-
omic study has been carried out in a risk population of
CHD patients to predict diabetes incidence. Neverthe-
less, a previous study in a non-CVD population also
observed an improvement in the prediction capacity of
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their model when lipids were added to conventional risk
factors [8]. However, in our study, we observed an AUC
increase from 64 to 81% with a CHD population, while
only a small increase from 83 to 84% was obtained in
the non-CVD population. This difference could be due
to the sensibility and specificity of the lipidomic analyti-
cal technique employed [9]. Apart from this, which may
have partially contributed to the predictive power of
the model, we also need to take into account that dys-
lipidemia associated with the CVD population [25] may
contribute to the greater statistical improvement in our
model in comparison with the study carried out in the
non-CVD population.

Unlike the study by Razquin et al., which described a
lipid profile based only on lipid classes associated with
T2DM incidence, our study shows that we need to ana-
lyse individual lipid species to accurately differentiate the
directionality of the association with T2DM. We identi-
fied four members of the PE lipid family, of which two,
PE(16:0_18:1), and PE(O-20:0/18:0), were associated
with the development of T2DM, whereas the other two,
PE(16:1_18:1) and PE(18:0_18:2), were protective against
T2DM. Moreover, while the relationship of PE with
T2DM risk has been previously reported, the specific
species and isomers have not been described previously
[8]. Currently, there is little to be found in the literature
on the role of compounds at this level of detail [26], sug-
gesting that advances need to be made in methodology
and defining lipid isomerism if we are to finally under-
stand the mechanism of dyslipidaemia which occurs dur-
ing the development of T2DM. Overall, PEs are involved
in the mechanisms modifying membrane characteris-
tics and the functionality of the transporters, receptors,
channels, and enzymes. Here, our results suggest that
the abundance of specific species and isomers and the
proportions shown between them could differentially
modulate the membrane characteristics promoting or
protecting against diabetes, in turn affecting the func-
tionality of insulin receptors and/or glucose transporter
[27]. This idea is supported by the fact that the isomerism
of other compounds (namely branched fatty acids esters
of hydroxy fatty acids) has previously been proven to be
associated with diabetes, which highlights the relevance
of isomerism in this biological function [28].

Similarly, two compounds from the PC family were
identified by the RSF as associated with T2DM in oppo-
site ways, one protecting and another promoting the
disease. PC(P-16:0/18:1) is linked with a protective role
against the disease, while PC(P-16:1/18:0) is associated
with diabetes development. PC is the only phospho-
lipid essential for the assembly, secretion, and regula-
tion of lipoproteins such as LDL and HDL [29]. Indeed,
we tested the potential relationship between the levels of
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these PCs with LDL and HDL. We found a positive cor-
relation between PC(P-16:0/18:1) and HDL plasma levels
(data not shown). This finding supports the hypothesis
of the protective role of PC(P-16:0/18:1) against T2DM
development. The mechanism behind this process could
be based on reduced HDL cholesterol levels associated
with T2DM [30]. Although PC is required for the proper
functioning of the metabolism, unusually high concen-
trations have been previously reported in cases of insulin
resistance, T2DM, and metabolic syndrome [31, 32]. It
has also been previously reported that PC is the media-
tor in decreasing insulin sensitivity in mice when high-fat
diets are consumed [33-35]. However, scarce literature
reports the role of PCs to this level of detail, complicating
the understanding of the role in T2DM.

In contrast, isomers identified within the TGs, phos-
phatidylserines (PSs), and LPC are unidirectional.
Among these three families, LPC is the only one with a
protective role in preventing diabetes development. LPC
is a hydrolysis product derived from the catalysis of phos-
phatidylcholine by phospholipase A,. Previous studies
have linked the bidirectional role of LPCs with the regu-
lation of glucose metabolism [32, 36], and experiments
in lipidomics have identified that LPC(20:1) decreases
in high-fat diets in mouse models, due to its association
with HOMA-IR [5]. This study also identified that LPC
(20:1) was negatively associated with BMI in humans and
plasma insulin levels. Also, other LPCs different from
LPC(20:1), such as LPC(18:2), were associated with a
higher risk of developing glucose intolerance. Therefore,
LPC(18:2) was suggested as a potential predictor for
T2DM development [37]. Research into the role of LPC
has identified that it activates the uptake of glucose by the
adipocytes mediated by the GLUT4, consequently lower-
ing the levels of glucose in the blood in murine models of
diabetes [38, 39]. Consequently, we suspect that modula-
tions in LPC (20:1) may play a role in developing systemic
insulin resistance. In conclusion, unravelling the role of
LPC in glucose homeostasis and insulin resistance mech-
anisms may contribute to increasing our knowledge of
the mechanisms behind T2DM development.

Finally, it is important to mention the limitations of
this study. Firstly, this research is based on a long-term,
closely controlled dietary intervention, which, despite
ensuring the quality of the study, may not reflect the level
of compliance in a free-living population.

The second limitation is that the incidence of T2DM
was not the primary endpoint of the CORDIOPREV
trial, although it was a secondary objective of this study.
Indeed, our study has the limitation that the incident-
DIAB group has higher baseline glucose levels and an
unbalanced number of men and women included as
participants. In fact, this population was included in
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the CORDIOPREYV study without any type of selection,
therefore representing the sexual dimorphism exist-
ent in CHD, and any attempt to balance the number of
men and women may introduce a bias. Moreover, the
study included patients with coronary heart disease,
which limits our findings to people with these char-
acteristics and precludes its generalization to healthy
individuals. Although diabetes prediction is extremely
important since patients with acute myocardial infarc-
tion and T2DM have a considerably higher risk of devel-
oping a new cardiovascular event than those without
T2DM [40], validation in a cohort without cardiovascular
disease and with a closer profile to the general popula-
tion would allow us to apply these methods to the general
population.

Conclusion

Overall, this study has shown the potential of highly sen-
sitive lipidomics in identifying patients at risk of devel-
oping T2DM. In addition, the lipid species identified as
associated with T2DM development, combined with
clinical variables, have provided a new, highly sensitive
model to be used in clinical practice. The findings also
suggest that the risk of T2DM development is associated
with a specific lipidomic profile which is characterized
by lower peripheral insulin sensitivity and higher hepatic
insulin resistance. Finally, these results also indicate that
we need to look closely at isomers to understand the role
of this specific compound in T2DM development since
isomers of the same class of lipids are associated with dif-
ferent outcomes.
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