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1 | INTRODUCTION

The effective management of type 2 diabetes requires a
comprehensive approach. Besides hyperglycemia, there
are other risk factors associated with diabetes-related
complications, for example, dyslipidemia and hyperten-
sion.! Despite the current diagnostic criteria for type 2
diabetes primarily focusing on glycemia, its development
is attributed to abnormalities in insulin secretion, action
or metabolism that may be altered even when still in nor-
moglycemia.>* Furthermore, insulin plays a role in lipid
metabolism, which is intricately connected to glucose
metabolism.*

The complexity of diabetes and its subphenotypes™®
requires an approach that considers insulin mechanisms,
metabolites like glucose and lipids, and their impact on
complications.’

Although in recent years, lipidomics has emerged
as a valuable tool for studying dysmetabolism, enabling
the identification of lipid species that are altered in dia-
betes and comorbidities,*® only a few studies have strat-
ified individuals with or at risk of type 2 diabetes using
lipidomics.'*"

Indeed, lipids, including diacylglycerols (DAGS), tri-
glycerides (TGs), ceramides (CERs), sphingomyelins
(SMs) and phosphatidylcholines (PC), can serve as disease
biomarkers.'> From these, studies have pinpointed cera-
mides as harmful to tissues and linked to conditions like
metabolic dysfunction-associated steatotic liver disease
(MASLD). Notably, dihydroceramides (DhCer), which are
precursors to CERs, were found to be elevated in plasma
through population-based lipidomic analysis. This finding
indicates their potential to predict diabetes up to 9years
before its onset."* Importantly, lipidomic profiles differ by
sex and age in healthy individuals, suggesting distinctions
in pre/diabetes or its progression and contributing to sex-
specific risks for complications.**

This study, PREVADIAB2, is a follow-up to
PREVADIABI and was conducted with subjects who had
no diabetes in PREVADIABI1. Using clustering analysis,

for the LS cluster, all other clusters exhibit distinct lipid signatures associated
with metabolic dysfunction, further accentuated by specific lipid profile sex

Conclusions: Distinct insulin-related metabolic features and sex identify

different phenotypes with distinct lipidome profiles, highlighting the need to
place prediabetes in a broader context of metabolism beyond glucose.

clustering, diabetes, dysmetabolism, heterogeneity, lipidomics

we aimed to define phenotypes with distinct glycemic
patterns and lipidomic profiles based on diabetes-related
pathophysiological mechanisms within the PREVADIAB2
population. We further hypothesized that sex-specific dif-
ferences, particularly in lipid profiles, could aid in dis-
tinguishing subgroups and explain unique physiological
features. Our goal was to determine whether early changes
in lipid and glycemic profiles are linked to diabetes patho-
physiology and related alterations in insulin secretion, ac-
tion and metabolism.

2 | MATERIALS AND METHODS

2.1 | Population

The study population consists of 953 participants from
PREVADIAB2, which is a follow-up of PREVADIAB1.%*°
Five years after the initial study, 1088 subjects without
diabetes in PREVADIAB1 were randomly selected to
participate in PREVADIAB2. All participants gave their
voluntary consent and signed written informed consent
forms. Ethical permits were obtained from the Associagdo
Protectora dos Diabéticos de Portugal Ethics Committee.
The study followed the Declaration of Helsinki and was
approved by the Autoridade Nacional de Proteccdo de
Dados (3228/2013).

Only individuals with complete data for the variables
used in the cluster analysis described below were included
in the study. Additionally, individuals who were on antidi-
abetic medication were excluded (Figure S1). For the ret-
rospective analysis of glycemia progression, participants
with missing data were not included.

2.2 | Clinical and Biochemical
Parameters

Evaluation of the PREVADIAB2 participants was previ-
ously described.® Briefly, subjects underwent a 75g oral
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glucose tolerance test (OGTT), and glucose, insulin, C-
peptide, and free fatty acids blood levels were measured
at 0, 30 and 120 min of the OGTT (Detailed methodology
in Appendix S1). The (pre)diabetes status was determined
using the 2019 WHO criteria (https://www.who.int/publi
cations/i/item/classification-of-diabetes-mellitus ac-
cessed April 25th, 2024).

2.3 | Biochemical and Metabolic Indexes
Fasting insulin secretion rate (ISR)'® and insulinogenic
index (IGI)'” were used to evaluate beta-cell insulin
response. Insulin clearance (L.min ") was calculated as the
ratio of peripheral insulin disposal rates (tissue extraction
and degradation) and circulating insulin concentrations.'
The suppression of insulin clearance during OGTT'®
was presented as the slope of insulin clearance from 0
to 30min (A(0-30)IC), and additionally, by the value of
insulin clearance at 120min (IC 120min). HOMA-IR2
was used to evaluate insulin resistance at fasting. Organ-
specific insulin resistance indexes were also calculated.'®
hepatic-IR [AUC(0-30)Insulin x AUC(0-30)Glucose] and
adipo-IR [FFA i, % Insuling,;,]. To evaluate pancreatic
function, we considered the OGTT-Disposition Index
(DI).16 NAFLD-FLS, a surrogate index of MASLD, was
calculated as previously described."

2.4 | Lipidomic analysis
Serum lipidome was analysed by high resolution mass
spectrometry (UHPLC-QTOF; Agilent Technologies).
The analysis included triglycerides, CERs, SM, PC and
lysophosphatidylcholines (LPC) quantified with an in-
ternal standards mixture containing N-heptadecanoyl-D-
erythro-sphingosylphosphorylcholine ~ (SM(d18:1/17:0)),
N-heptadecanoyl-D-erythro-sphingosine (Cer(d18:1/17:0)),
1,2-diheptadecanoyl-sn-glycero-3-phosphocholine
(PC(17:0/17:0)) and 1-heptadecanoyl-2-hydroxy-sn-glycero-
3-phosphocholine (LPC(17:0); Avanti Polar Lipids) and trip-
entadecanoin (TG(15:0/15:0/15:0); Larodan AB).

10pL of serum were mixed with 10puL of an internal
standards mixture and 150 pL of cold methanol to precip-
itate proteins. Then, sample was centrifuged at 14000 rpm
at 4°C for 20 minutes and 1 pL of the supernatant was in-
jected in UHPLC-QTOF system, combining a 1290 Infinity
LC system and a 6545 quadrupole time-of-flight mass
spectrometer (QTOF), interfaced with a dual jet stream
electrospray (dual ESI) ion source in positive mode. Lipids
were separated by ZORBAX Eclipse Plus C18 2.1 X 100 mm
1.8 pm column (Agilent Technologies). The solvent system
included A: ultrapure water with .1% formic acid and B:
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LC/MS grade isopropanol:acetonitrile (1:1, v:v). The gra-
dient ramp for mobile phase B was: 35% at start, then 80%
from 0 to 2min, 100% from 2 to 9 min, and maintained at
100% from 9 to 16 min, with a postrun of 6 min to return
to start conditions. The flow rate was .4mL/min from 0
to 9min and .6 mL/min from 9 to 16 min. The NIST SRM
1950, a frozen human plasma sample, was used as a refer-
ence material for lipidomics measurements and as quality
control was used an aliquot of a pool obtained from the
sample set.

The data processing included peak detection, inte-
gration, peak alignment, normalization, and identifi-
cation using Profinder MassHunter B.08.00 (Agilent
Technologies) software. Lipids were identified using an
internal customized spectral library. The data were nor-
malized using the internal standards representative of
each class of lipid present in the samples: the intensity of
each identified lipid was normalized by dividing it by the
intensity of its corresponding standard and multiplying it
by the concentration of the standard. Only lipids that were
above the limit of quantification in more than 60% of the
samples were reported for this data set.

2.5 | Cluster and Statistical Analyses
During the preprocessing stage, severe outliers were
assessed using a multidimensional approach, and the
data was centered and scaled. Afterward, the cluster
analysis was done with the agglomerative hierarchical
clustering algorithm with the Ward method (stats::hclust
in R), with the following variables as input: (ISR and IGI
to estimate insulin secretion during fasting and the first
phase of the OGTT, respectively; [JC to measure fasting
insulin clearance; and HOMA-IR as an indicator of overall
insulin resistance. The optimal number of clusters was
determined (NbClust, R), employing the majority rule.
Cluster stability was assessed by calculating the mean
Jaccard coefficient. A sensitivity analysis was conducted
separately for normoglycemia and dysglycemia to assess
if the clustering patterns remained stable across these
subgroups.

Lipidomic data analysis was performed (lipidr, R*)
after being normalized and log2-transformed. Outliers
were assessed and filtered using a multidimensional eval-
uation (Figure S2). PC C36:6 was excluded from the analy-
ses as it had several outliers and few other outlier samples
identified with PCA (Figure S2). After applying a stratified
sampling procedure across clusters and gender strata to
ensure balanced representation of subgroups, and follow-
ing data preprocessing, 103 lipid species in 273 women
and 215 men were analysed. Lipidomic-clusters associ-
ation was assessed adjusting for age, BMI, and glycemia
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subgroups. Benjamini-Hochberg (BH) was used to adjust
for multiple comparison.

Except for the lipidomic analysis, comparison be-
tween group means (clusters and sex) was performed with
Kruskal-Wallis and Wilcoxon-Mann-Whitney tests for
continuous variables; Chi-square test for the comparison
of categorical variables. Bonferroni correction was used
for multicomparison, when applicable.

3 | RESULTS

3.1 | Population metabolic
characterization and overall sex
differences

We analysed 953 subjects from the PREVADIAB2 cohort
that had no diabetes in PREVADIABI (5years prior), with
a mean age of 61 + 13 years; 60% were women (Table 1).
Women and men exhibit differences in parameters
used to inform and to profile the clusters. When com-
pared to men, women had higher BMI and higher IGI

TABLE 1 Summary statistics of the population.

despite lower insulin secretion at fasting. Additionally,
women tended to have higher hepatic-IR than men and
lower ISI;.,,. Consistently, women had lower IC than
men. Finally, women had lower glycemic values at fasting
and at 30min but higher levels at 120 min of the OGTT
(Table 1).

3.2 | Clusters metabolic characterization
We sought to validate if men and women exhibit the same
cluster centroids related to insulin mechanisms (SR, IGI,
HOMA-IR and (IC) and potential differences in their lipi-
domic profiles (Table S1).

The population was stratified based on three mech-
anisms related to diabetes pathophysiology: insulin se-
cretion (ISR and IGI to estimate insulin secretion at
fast and during the first phase of the OGTT), resistance
(HOMA-IR), and fasting insulin clearance (;IC) that re-
flects mainly hepatic IC (Figure S1). We initially examined
differences among clusters in the entire population and
then separately for women and men.

All Women Men p-Value
Total n (%) 953 573 (60) 380 (40) -
Normoglycemia n (%) 697 (73) 421 (73) 276 (73) .85
Prediabetes n (%) 208 (22) 125 (22) 83(22)
Diabetes n (%) 48 (5) 27 (5) 21(5)
Age, Years 61+13 61+13 61+13 .87
BMI, kg/m? 27.3+4.3 27.7+4.6 26.9+3.6 01
Fast-ISR, pmol/min 170+ 78 164+ 72 179+ 84 .007
IGI 90+.9 94+.9 .86+.9 .005
Fast-IC, L/min 42+1.5 40+1.4 4.6+1.7 <.001
HOMA-IR 1.8+1.2 1.8+1.2 1.8+1.2 .75
IS, 150, LOG10 67+19 66+18 69 +20 .05
Adipo-IR 27+19 27+19 26+18 .5
Hepatic-IR, x10* 7.3+5.4 73+5.1 7.2+5.9 .05
Disposition Index, mmol ™" 24+2.5 24+2.6 22+23 12
NAFLD-FLS -1.2+1.2 -1.3+1.2 -1.2+1.3 .51
Glucose 0 min, mmol/L 51+.7 51+.6 53+.8 <.001
Glucose 30 min, mmol/L 8.6+1.8 85+1.7 8.8+1.9 .04
Glucose 120 min, mmol/L 6.5+2.2 6.6+2.1 6.3+2.4 <.001
Total cholesterol, mg/dL 201.0+37.1 204.0+35.5 197.0+39.1 .009
LDL-c, mg/dL 138.0+30.5 138.0+29.5 137.0+32.1 48
HDL-c, mg/dL 53.3+12.3 56.0+12.1 49.4+11.4 <.001
Triglycerides, mg/dL 117.0+60.3 112.0£53.7 124.0+68.5 .03

Note: Values are reported as mean + SD for continuous parameters and as count and percentages for categorical parameters. Comparison between sex was
performed with the Mann-Whitney test for continuous variables and with the chi-square test for categorical variables. In bold are parameters informing cluster

analysis.
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In overall population, the best number of clusters
was four, named according to their metabolic profiles
(Table S2). The overall pattern of cluster characteris-
tics was preserved within subgroups. Nonetheless, there
were few differences in the centroids of the clusters when
the subgroups were compared, namely regarding IGI
(Table S2). The liver-sensitive (LS) cluster demonstrated
the highest IC and the lowest hepatic-IR. The pancreas
glucose sensitive (PGS) cluster exhibited the highest
DI and IGI. Nevertheless, the PGS cluster had higher
HOMA-IR and suppressed IC compared with the LS clus-
ter. The insulin deficient (ID) cluster displayed lower SR
and IGI, but had higher HOMA-IR than the LS cluster.
The insulin resistant (IR) cluster showed suppressed IC,
the highest HOMA-IR, and consistently the highest SR,
though not IGIL.

When analysing data by sex, we found similar pat-
terns in clusters for both men and women compared to

(A)  women Men
1.00 1.00
0.75 0.75
c c
S S
5 5
g 0.50 I 0.50
2 I
a a
Affection Status
025 0.25 [ Diabetes
I Fe
M FeHGT
| Rl
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LS PGS ID IR LS PGS ID IR
Cluster Cluster
( ) Women
1.00
0.75
c <
8 2
= b=
g 050 g
o o
o a
Progression
0.25 B Progression to Diabetes
|| Progression to Prediabetes
[l stable Prediabetes
] Regressor
B stable Normoglycemia

0.00
Ls PGS ID IR LS PGS ID IR
Cluster Cluster

WILEY- 2%

the overall population, but their cluster centroids differed
(Table S2). Therefore, separate cluster analyses were con-
ducted for each sex due to potential differences in param-
eter cut-off levels. Variable importance rankings differed
between the overall population and each sex, revealing
distinct metabolic patterns (Table S1). Notably, HOMA-IR
was highly important in women but least important in
men.

Clusters showed distinct risks for hyperglycemia in
both sexes, with the PGS cluster showing the lowest risk of
dysglycemia and the IR cluster the highest risk (Figure 1A
and Table S3). A 5-year retrospective analysis of glycemic
class evolution was performed (Figure 1B), considering
that all individuals had no diabetes 5years prior to this
study. More individuals progressed to prediabetes or dia-
betes in the IR cluster, especially among women compared
to men. ID women also showed a high number of progres-
sors, while the PGS cluster had the highest proportion of

(©)

Men

Age

BMI

ISR

IGI

dC
HOMA-IR
ISlg.120
Adipo-IR
Hepatic-IR
DI

*

* * ¥ ¥ 0*

NAFLD-FLS
Glucose 0'

Glucose 30' 05

Glucose 120'

Cluster LS PGS ID IR LS PGS ID IR
N 285 80 146 62 98 24 173 85

1.0

FIGURE 1 (A)Proportion of glycemia classes in the clusters by sex. (B) Retrospective evaluation of glycemia evolution within

the clusters, by sex. Proportion of individuals that have progressed (from normoglycemia to prediabetes or type 2 diabetes, or from

prediabetes to type 2 diabetes), regressed (from prediabetes to normoglycemia), or maintained their glycemic status in a 5-year period (from
PREVADIABI study to PREVADIAB2). (C) Cluster's profile by sex. Heatmap representing the scaled mean of each parameter for the entire
cohort. * represents the significant differences (p <.05) in women vs. men within each cluster and for each parameter; detailed information

on Table S2. N for each cluster is depicted in panel C. Cluster names: Liver-sensitive (LS); pancreas glucose sensitive (PGS); insulin deficient

(ID); insulin resistant (IR). BMI, body mass index; fISR, fasting insulin secretion rate; IGI, insulinogenic index; fIC, fasting insulin clearance;

HOMA-IR, Homeostatic Model Assessment for Insulin Resistance; ISI, insulin sensitivity index; Adipo-IR, adipose tissue insulin resistance

index; Hepatic-IR, hepatic insulin resistance index; DI, disposition index; NAFLD-FLS, non-alcoholic fatty liver disease-fatty liver score.
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individuals remaining normoglycemic. Overall, the inci-
dence of prediabetes and diabetes was higher in women
than in men.

The heatmap displaying cluster profiling based on
metabolic characteristics separately for women and men
(Figure 1C) shows that men from the LS cluster had
higher IC and (ISR and lower IGI and insulin-resistance
indexes (overall and organ-specific) than women
(Table S2). However, men in the PGS cluster had a higher
insulinogenic index and disposition index. Men from
the ID cluster had lower (ISR than women, along with
lower IR indexes and higher IC and DI. Additionally, ID
men had lower BMI than ID women. Finally, compared
to women from the IR cluster, men also had lower BMI,
insulin resistance indexes and higher IC. However, they
did not differ in insulin secretion indexes—ISR and IGI
(Table S2).

3.3 | Population lipidomic
characterization and overall sex
differences

From the 103 evaluated species, women and men showed
distinct lipidomic profiles. In women, SMs were higher
than in men. The CER to SM ratio, which might be associ-
ated with insulin secretion defects,”’ was higher in men
(.90+.18 vs. 1.04 +.21 for women and men, respectively;
p<.001). Additionally, LPCs and the LPC/PC ratio, as-
sociated with an increased risk of an inflammatory pro-
file,?? were higher in men than in women (4.12+4.6 vs.
1.4+.6, p<.001). Women had higher levels of long-chain
(C14:0-C20:0) and very-long-chain dihydroceramides
(C22:0-C25:0) than men, which are related to the de novo
ceramide synthesis (5.3 +1.9 pumol/L vs. 4.7+ 1.8 pmol/L,
p<.001). In contrast, men had higher very and ultra-long-
chain ceramides (10.2+3.4pmol/L vs. 11.6 +4.0 pmol/L,
p<.001).

3.4 | Clusters lipidomic characterization
Distinct lipidomic profiles were observed throughout the
clusters and between sexes (Figure 2, Figures S3 and S4).
From the evaluated lipid species, 42 were associated with
both sexes; 23 were associated only with women clus-
ters, and 14 lipids were only associated with men clusters
(Figure 2A; Table S4).

Figure 2B represents the clusters profiling for the lipid
species that were found to be significantly associated with
clusters in women and/or in men (p <.05, BH correction
for multiple comparisons) in the overall population (for
glycemia subgroups separately see Figure S5).

3.4.1 |
signature

Liver Sensitive Cluster (LS) lipidomic

Women and men, in comparison to other clusters,
presented lower overall serum concentrations of
DhCer; specifically, Cer(d18:0/16:0), Cer(d18:0/18:0),
Cer(d18:0/20:0), Cer(d18:0/22:0), suggesting a decrease of
de novo hepatic ceramide synthesis, which has been as-
sociated with reduced steatosis. Moreover, LS presented
low levels of SM36:0, particularly in women, which has
been shown to be decreased in individuals with less se-
vere stages of liver disease.? Indeed, this cluster showed
low Hepatic-IR and NAFLD-FLS score. Furthermore,
women exhibited remarkably low levels of triglycerides
(TG), specifically TG48:0 and TG48:2, suggesting a po-
tential decrease in hepatic de novo lipogenesis (DNL).*
Similarly, men had low TG (e.g., TG48:2 and TG56:4)
compared to the remaining clusters. Interestingly, men in
this cluster revealed high levels of CERs (Cer(d18:1/24:0),
Cer(d18:1/24:1), Cer(d18:1/26:1)) and high LPC18:2 de-
spite low LPC18:0.

3.4.2 | Pancreas Glucose Sensitive Cluster
(PGS) lipidomic signature

Even though this cluster revealed the lowest glucose lev-
els, lipid homeostasis was disturbed and associated with
low insulin clearance and high hepatic insulin resist-
ance. Subjects within the PGS cluster exhibited elevated
levels of DhCer and CER, particularly among women.
Notably, this cluster displayed the highest levels of DhCer
in women, specifically Cer(d18:0/16:0), Cer(d18:0/18:0),
Cer(d18:0/20:0) and Cer(d18:0/22:0), suggesting in-
creased de novo Cer synthesis. Accordingly, CER levels
were significantly elevated, including Cer(d18:1/20:0),
Cer(d18:1/22:0), Cer(d18:1/23:0), Cer(d18:1/25:0), and
Cer(d18:1/26:0). This group also presented high levels
of SM, particularly in women (SM(d32:1), SM(d33:1),
SM(d38:1), SM(d16:1/18:1), SM(d40:1), SM(d40:2)).
Finally, the PGS cluster had low LPC14:0, LPC16:1 and
LPC18:2. Nevertheless, LPC16:0 and LPC18:0 were
higher, which notably have been associated with de-
creased type 2 diabetes risk.?’ Furthermore, it is notewor-
thy that TG levels, particularly TG48:2, having the highest
value in men, were increased, implying a rise in DNL.

3.4.3 | Insulin Deficient Cluster (ID)
lipidomic signature

The lipidomic profile within the ID cluster resembled
that of the LS cluster in men showing low levels of DhCer
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FIGURE 2 Lipidomics cluster's profiling. (A) Lipid species associated with clusters. The analysis was done individually for each

sex. From the 103 lipid species, 23 were associated with female clusters, 14 with male clusters, and 42 associated with clusters of both

sexes. (B) Heatmap representing the scaled mean of each lipid specie in the overall population. (C) Graphical representation of ceramide

synthesis via de novo synthesis and sphingomyelin hydrolysis. N for each cluster is depicted in panel B. Lipid Species: CER, ceramides;

LysoPC, lysophosphatidylcholine; PC, phosphatidylcholine; SM, sphingomyelin; TG, triglycerides. Clusters Names: ID, insulin deficient;
IR, insulin resistant; LS, liver sensitive; PGS, pancreas glucose sensitive. 3KSR, 3 ketosphinganine reductase; CERS, Ceramide Synthase;
DES], Dihydroceramide desaturase; NS, non-significant; SMase, Sphingomyelinase; SMS, Sphingomyelin synthase; SPT, Serine

Palmitoyltransferase.

and CERs, except for Cer(d18:1/22:0), but not in women
that show increased DhCer (d18:0/20:0 and d18:0/16:0)
and Cer(d18:1/22:0). Women also displayed higher
Adipo.IR. Additionally, the ID cluster displayed reduced
hepatic insulin resistance (Hepatic-IR) and metabolic-
associated steatotic liver disease (NAFLD-FLS).

Notably, despite the low levels of certain triglycerides
(TG), such as TG49:0 and TG50:4, observed in men,
women displayed a nuanced response. Some TGs exhib-
ited a slight increase, while others, like TG56:2, TG56:3
and TG56:4, were found at their lowest levels. In com-
parison, men exhibited higher insulin sensitivity and im-
proved insulin clearance (Table S2).

On the other hand, women in the ID cluster had ele-
vated levels of LPC C18:0 compared to other clusters, in-
dicating a unique lipidomic profile in females.

3.4.4 | Insulin Resistant Cluster (IR)
lipidomic signature

The IR cluster exhibited the most significant metabolic
profile differences in glucose and lipid metabolism, im-
pacting both sexes. This cluster was characterized by
low insulin clearance, high insulin resistance, elevated
Hepatic-IR and Adipo-IR, being more pronounced in
women than in men (Figure 1C). Remarkably, women
within this cluster displayed higher levels of DhCer (e.g.:
Cer(d18:0/16:0), Cer(d18:0/18:0), Cer(d18:0/20:0) and
Cer(d18:0/22:0); Figure 3), parallel to the pattern observed
in the PGS cluster, indicating a heightened de novo cera-
mide synthesis in women compared to men. Furthermore,
this cluster exhibited high SM36:0, already associated
with liver disease progression,* particularly in women.
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Besides, it also presented increased triglycerides (TGs),
such as TG48:0, TG49:0 and TG50:0, mainly in women
with normoglycemia. Certain detrimental lipid species,
including TGs and CERs, were higher in women than
in men, indicating a potential higher risk of cardiometa-
bolic complications. Additionally, women in this cluster
showed the highest levels of PC32:1 and PC34:1 despite
the glycemic status, which could serve as an indicator of
increased dysmetabolism risk in this subgroup.

4 | DISCUSSION

This study sought to evaluate the association between
insulin-related  mechanisms underlying diabetes,
which differ by sex in conjunction with distinct glucose
profiles. As insulin is lipogenic in nature, we examined
lipid patterns based on sex differences to better identify
individuals at risk for type 2 diabetes.

Using hierarchical cluster analysis, we analyzed in-
sulin secretion, clearance and resistance in a cohort
of 953 participants from the PREVADIAB2, previously
enrolled in PREVADIABI1 without diabetes. We iden-
tified four distinct metabolic clusters: liver-sensitive
(LS), pancreas glucose-sensitive (PGS), insulin-deficient
(ID) and insulin-resistant (IR). These clusters exhibited

varying dysglycemic risk: lowest in PGS and LS, high-
est in IR. PGS differs from LS due to higher insulin se-
cretion, low insulin clearance, and increased hepatic
insulin resistance. In a separate sex-based analysis,
metabolic patterns were consistent, but centroid differ-
ences emphasized sex-related metabolic distinctions.
This underscores the significance of sex-related met-
abolic differences. Importantly, in our study, women
showed higher BMI, IGI, hepatic-IR and lower IC and
IS10-120 than men, with lower fasting and 30-min but
higher 120-min OGTT glucose. These results align with
CA.ME.LLA on fasting phenotypes®*?’ and, by adding
OGTT data, confirm the DECODE pattern of greater
IFG prevalence in men and IGT in women.”®* Qur re-
sults reveal detectable glucose metabolism mechanistic
changes leading to prediabetes/diabetes in normoglyce-
mic subjects, highlighting the need for early proactive
monitoring and intervention.

4.1 | Clusters characterization

A novelty of our study is the lipidomic profiling con-
ducted for each cluster separated by sex and adjusted for
age, BMI and glycemia subgroups. Our clusters were de-
rived with the primary aim of assessing insulin-related
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mechanisms across the full spectrum of glucose toler-
ance—including individuals with normoglycemia, pre-
diabetes and diabetes—unlike the approach of Ahlqvist
et al., who examined only individuals with diabetes.’ This
broader range enables the identification of early patho-
physiological differences, whereas the Ahlqvist classifi-
cation and subsequent refinements primarily describe
heterogeneity within diagnosed diabetes. Furthermore,
in contrast to our previous paper® and Wagner et al.,*
who adjusted for sex but did not investigate sex-specific
pathophysiological mechanisms or incorporate lipidom-
ics, our analysis integrated comprehensive lipidomics
profiling and examined sex differences within clusters.

Previous works have explored the association between
lipid species and metabolic disease,’* with conflicting
findings, probably due to population diversity, namely re-
garding sex and age.

In our study, we observed distinct lipid patterns be-
tween men and women (Figures 2 and 3), with higher
levels of specific circulating DhCer, CERs and SMs in
women, indicating sex differences in lipid metabolism,
while men had an increased CER/SM ratio. The metab-
olism of these sphingolipids is deeply connected, as they
can be interconverted. Besides being important compo-
nents of the cell membrane, sphingolipids can also act
as messengers.** Sphingolipid metabolism might impact
insulin secretion and has been linked to insulin resis-
tance.”"* Studies on mice lacking sphingomyelin syn-
thase 1 revealed insulin secretion defects and a higher
CER/SM ratio.*® CERs are associated with apoptosis, in-
flammation, and are used as biomarkers for dysmetab-
olism and cardiovascular conditions. Particularly, p-cell
apoptosis can be partially explained by the association
between CERs and insulin deficiency. Interestingly, it
has been shown that circulating CERs are originated
mainly from the liver by de novo synthesis and are
higher in subjects with MASLD.**’

Each cluster had a characteristic lipid signature con-
sistent with its metabolic profile, reflecting unique combi-
nations of glucose and blood lipids that may contribute to
diabetes-related complications.

4.1.1 | Liver Sensitive Cluster (LS)

The LS cluster exhibited the most favourable metabolic
lipid signature, including higher insulin sensitivity and
clearance compared to other clusters. The LS cluster
displayed, indeed, the highest insulin clearance among
all clusters, with hepatic insulin clearance being a
key feature responsible for 50%-70% of whole-body
clearance. This may underlie its lower hepatic insulin
resistance and favourable metabolic profile, as higher

WILEY-22™%

clearance is associated with lower insulin resistance
states and reduced hepatic steatosis.”®* Such high
clearance, influenced by genetic determinants and
modulated by sex differences,® could help protect
against dysglycemia, whereas its impairment through
environmental factors might contribute to diabetes
development. This cluster displayed significantly lower
levels of DhCer (e.g.: Cer(d18:0/16:0), Cer(d18:0/18:0),
Cer(d18:0/20:0) and Cer(d18:0/22:0)), indicating
reduced de novo ceramide synthesis. This cluster also
displayed decreased levels of SM, suggesting limited
ceramide accumulation through SM hydrolysis.
Furthermore, the LS cluster demonstrated decreased
Hepatic-IR and NAFLD-FLS scores, indicating reduced
risk of non-alcoholic fatty liver disease. The results also
pointed to low DNL, as evidenced by the reduced levels
of specific TGs, such as TG48:2 and TG56:4. Although
these levels are slightly increased in individuals with
dysglycemia within the LS cluster, they did not surpass
those observed in other clusters, even among individuals
with normoglycemia.

Notably, males in the LS cluster had higher levels of
LPC18:2, a marker of enhanced insulin sensitivity.*’
Overall, the LS profile represents a healthier metabolic
state, highlighting the liver's role in maintaining met-
abolic balance and emphasizing insulin-mediated pro-
cesses in regulating glucose and liver functions.

4.1.2 | Pancreas Glucose Sensitive Cluster

(PGS)

The PGS cluster exhibited a glycemic healthy profile, with
all men being normoglycemic and a low proportion of dys-
glycemia in women. This cluster had the lowest glycemia
in both sexes and fewer subjects progressing to dysgly-
cemia, with the corresponding highest insulin secretion
and disposition index. As the youngest group in our co-
hort, the PGS cluster showed the greatest pancreatic se-
cretory capacity, reflected by a higher IGI, which helped
preserve normoglycemia despite early signs of lipid pro-
file compromise. Indeed, despite these positive aspects,
subjects in this cluster showed a lipotoxic profile, mainly
in women with dysglycemia, which presented a signature
of higher levels of several DhCer (e.g., Cer(d18:0/16:0),
Cer(d18:0/18:0), Cer(d18:0/20:0), Cer(d18:0/22:0)) and
CER (Cer(d18:1/20:0), Cer(d18:1/22:0)), indicating in-
creased de novo ceramide synthesis and accumula-
tion. This lipid signature was linked to suppressed IC
and Hepatic-IR, which has been associated with liver
steatosis, resulting in higher serum levels of DhCer and
Cer.*"* The interplay between ceramides and insulin re-
sistance is complex, with ceramides potentially inducing
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insulin resistance.*’ Additionally, elevated sphingomy-
elins in this cluster may contribute to or be influenced by
ceramide levels. This cluster also shows an increment in
TGs, such as TG48:1, a marker of DNL* associated with
MASLD and increased risk of type 2 diabetes.”’

These findings suggest that while a higher insulin se-
cretion rate effectively impacts carbohydrate metabolism,
it is also associated with liver insulin resistance, increased
ceramide synthesis and enhanced DNL.

4.1.3 | Insulin Deficient Cluster (ID)

The ID cluster shows lower insulin secretion capacity with
notable differences between women and men, paralleled
to the pattern of the LS cluster, albeit with variations in
levels and specific lipid species, especially concerning
women. Surprisingly, women in this cluster displayed an
increase in DhCer derived from CerS4 and CerS5/6 (DhCer
(d18:0/20:0) and (d18:0/16:0)), indicating enhanced de
novo ceramide synthesis compared to men, potentially
influenced by low estradiol levels in menopause.*’ In
contrast, ID normoglycemic women exhibited the lowest
levels of specific triglycerides (TG56:2, TG56:3, TG56:5
and TG56:7). These findings suggest that insulin secretion
in this cluster is insufficient to support adequate glucose
uptake. Interestingly, this impairment appears to have a
lesser impact on hepatic lipid metabolism and markers of
DNL.

4.1.4 | Insulin Resistant Cluster (IR)

In addition to aggravated glucose disturbances, the IR
cluster exhibits a lipotoxic profile with elevated DhCer
and ceramides, especially in women, suggesting increased
de novo ceramide synthesis even in normoglycemia.
Notably, the heightened ceramide levels display distinct
species signatures between men (Cer(d18:1/24:0))
and women (Cer(d18:1/20:0) and Cer(d18:1/22:0)).
Additionally, this profile is characterized by increased
triglycerides (e.g., TG48:0, TG49:0, TG50:0) and decreased
lysophosphatidylcholines (LPCs). This cluster, with the
highest BMI, exhibits pronounced insulin resistance,
exacerbated by reduced insulin clearance. Interestingly,
reduced insulin clearance controlled by nitric oxide*
and is associated with lower hepatic carcinoembryonic
antigen-related cell adhesion molecule 1 (CEACAMI)
levels, responsible for insulin receptor internalization, and
declining human circulating CEACAM1 levels parallel
the progression of insulin resistance, hyperinsulinemia,
increased BMI and hepatic steatosis.”’” Notably, the
genetic regulation of IC by insulin-degrading enzyme

(IDE) is compromised as prediabetes advances.*® The
loss of hepatic IDE not only raises glucose levels but also
increases hepatic triglyceride accumulation.®® Our study
observed that women's higher TG/ceramide levels may
indicate a higher peripheral insulin resistance when
related to IGT pathway, while men's when they have an
IFG profile concomitant with hepatic/visceral adiposity
may confer earlier macrovascular risk, as suggested by the
CA.ME.LLA study.*

High DhCer have been linked to insulin resis-
tance and MASLD.**’ Specifically, increased levels of
DhCer(d18:0/22:0) and Cer(d18:1/18:0), Cer(d18:1/20:0)
and Cer(d18:1/22:0) were associated with increased sus-
ceptibility to type 2 diabetes*® and DhCer C18:0 was ele-
vated in human plasma samples 9years before developing
type 2 diabetes'’ suggesting a potential ceramide associa-
tion with baseline glucose levels.*

Additionally, IR women exhibit significantly higher
levels of PC32:1 and PC34:1, which contain myristic and
palmitic acids derived from DNL or circulation. PC32:1 el-
evation in normoglycemic women indicates it as a marker
for dysmetabolism risk,”® highlighting the liver's role in
glucose and lipid regulation via insulin-mediated mecha-
nisms, impacting metabolic pathways.

In conclusion, women exhibit increased DhCer and
Cer levels, particularly in the PGS and IR clusters, com-
pared to men, indicating a higher cardiometabolic risk
(Figure 3). Notably, a better lipid profile is associated
only with low hepatic insulin resistance, indicating its
relevance. C16:0 and C18:0 dihydroceramides have been
previously related to insulin resistance in other studies
profile,”! independent of BMI and visceral adipose tissue.
These species have been suggested to be related to a met-
abolically healthier profile,”! with lower body fat depo-
sition. Interestingly, ultralong chain ceramides (>C26)
seem to be high in PGS women with normoglycemia but
not with dysglycemia.

Men additionally had a higher LPC to PC ratio; specif-
ically, LPC18:0 and LPC18:2 were higher in men in the LS
and ID clusters with normoglycemia, decreasing in hyper-
glycemia. This finding aligns with a previous study where
LPC18:2 was inversely related to progression to type 2 di-
abetes.'® Also, it has been suggested that LPC18:0 may de-
crease glycemia through PPAR gamma activity.’?

The lipid signature of these clusters corresponds with
their metabolic profiles, showing distinct combinations
between glucose and blood lipids that we postulate to
be responsible, along with other factors, for diabetes
complications.

This study has limitations, notably its focus on an aging
population and the inability to determine whether the ob-
served patterns are genetically driven, shaped by lifestyle
or a combination of both, and the lack of information on
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prior or ongoing dietary control. In the trajectory to real-
world application of the present study, we acknowledge
that our clusters were derived from biochemical and met-
abolic indexes not routinely measured in clinical practice,
beyond the HOMA-IR; yet parameters such as IGI, SR
and insulin clearance, while less common, could be feasi-
bly incorporated into routine workflows with appropriate
informatics support.

Our findings underscore the importance of viewing the
path to diabetes through a broader metabolic lens—beyond
glycemia—by integrating sex differences and lipidomic
signatures. Notably, distinct metabolic clusters identified
in this study reflect varying degrees of risk even before di-
abetes onset, suggesting that metabolic heterogeneity pre-
cedes current diagnostic thresholds. Understanding these
cluster-specific profiles—including lipid signatures—may
enable more precise, individualized strategies for diabetes
prevention and early intervention, advancing the goals of
precision medicine.
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