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The lipid metabolism relationship between non-alcoholic fatty pancreas disease (NAFPD) and type 2
diabetes mellitus (T2DM) is poorly defined. We aim to identify novel T2DM-related lipid biomarkers in
addition to previous studies and provide the evidence for elucidating the relationship between NAFPD
and T2DM in a lipid perspective. In this study, multi-dimensional mass spectrometry-based shotgun
lipidomics (MDMS-SL) was used to investigate the potential discriminating lipid profile of the fasting
plasma of 105 Chinese individuals (39 NAFPD patients, 38 T2DM patients and 30 healthy controls). Then
multivariate statistical analysis combined with pathway analysis was performed to identify the lipid
biomarker and explore the potential relationship of these two important diseases. The results described
a marked reduction of plasmalogen and a significant 4-hydroxynonenal increase in the two diagnostic
group, which indicated increased oxidative stress and peroxisomal dysfunction in patients. 60
discriminating metabolites were identified by multivariate statistical analysis of the lipidomics data. In
addition, ingenuity pathway analysis (IPA) and a metabolic network constructed by prediction of IPA
indicated that lipid metabolism, molecular transport, carbohydrate metabolism and small molecule
biochemistry were correlated with disease progression. Our results revealed that the profile of plasma
lipid alteration characteristic of NAFPD was similar to that of T2DM, especially during the period prior to
the onset of T2DM.
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might be attributed to greater deposition of visceral fat in
South Asians as compared to Caucasians.® In addition, Asian
diabetic patients such as in China are more susceptible to

1. Introduction
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Type 2 diabetes mellitus (T2DM) is a heterogeneous meta-
bolic disease characterized by dysregulation of glucose and
lipid metabolism.* It is predicted that 642 million people
worldwide will live with diabetes by 2040.> Non-alcoholic fatty
pancreas disease (NAFPD) is a sub-type of pancreatic stea-
tosis, which has gained increasing attention with the emer-
gence of epidemic obesity and metabolic syndrome. A large
body of research in the last two decades has demonstrated
that NAFPD is associated with insulin resistance (IR), B-cell
dysfunction and risk of diabetes.>* However, the prevalence
and development mechanisms of NAFPD and T2DM in
patients still remain elusive. IR is a pathophysiological factor
and precursor for diabetes in all ethnic populations.
However, previous study showed that South Asians have
increased propensity for IR even at lower levels of BMI, which
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ectopic fat deposition than Westerns in a given BMI.® Hence,
study on the lipid profile of NAFPD and T2DM of Chinese
populations may help better understand the inter-ethnic
differences.

As both NAFPD and T2DM patients are closely associated
with lipid metabolic disorder, we hypothesize that molecular
lipid aberration in plasma may help disclose their under-
lying mechanisms and facilitate development of strategies
against the two diseases. Lipidomics has provided a new
strategy to globally survey metabolites associated with
prediabetes and metabolic syndrome, which may shed new
light on the ongoing biochemical processes and help identify
biomarkers to predict the occurrence and progression of
metabolic diseases.

The aim of the present study was to better understand the
underlying pathogenesis and relationship of these two impor-
tant diseases. Analyses included lipid profile and biomarker in
patients and pathways affected by these metabolic candidates. A
metabolic network including the discriminating lipids was
constructed for further elucidating the pathogenesis of diseases
progression.
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Characteristics

Group

NC (n = 30)

Male gender (%)

56.7 (17/30)

Age (years) 40.9 (29-62)
BMI 23.8 (19.2-26.6)
FPG (mM) 4.8 (4.2-5.8)
2hPG (mM) 6.5 (5.1-7.3)
FINS (mU L) 5.9 (4.9-7.8)
2h-INS (mU L) 31.5 (24.9-37.6)
HOMA-IR 1.05 (0.1-1.2)
HbAlc 4.8 (4.2-5.6)
TG (mmol L) 1.2 (0.7-2.1)
TC (mmol L) 4.1 (2.6-5.6)
HDL (mmol L) 1.2 (0.8-1.7)
LDL (mmol L) 2.9 (1.6-3.9)

APN (ug mL ™)
LP (ng mL™)

12.1 (3.8-23.4)
20.4 (1.4-53.9)

NDM (1 = 39) T2DM (n = 38)
48.7 (19/39) 68.4 (26/38)
49.1 (35-69) 48.3 (34-63)
24.7 (20.6-28.5) 25.8 (22.0-30.1)
5.8 (4.9-7.2) 8.6 (4.2-10.3)
8.7 (7.5-10.4) 13.4 (10.1-16.7)
9.2 (5.9-12.8) 13.7 (10.8-19.4)
42.8 (28.1-59.5) 53.1 (33.2-70.6)
1.7 (1.1-3.9) 2.0 (0.9-4.0)
6.8 (4.9-11.1) 6.4 (4.6-10.1)
1.2 (0.7-2.65) 2.1 (0.4-3.4)
4.5 (4.3-5.2) 4.8 (3.5-6.7)
1.3 (0.8-2.1) 1.1 (0.7-1.8)
2.9 (1.3-3.9) 2.7 (0.9-3.9)
11.9 (2.1-34.1) 10.1 (1.4-33.8)

24.5 (2.9-63.6)

19.9 (3.1-47.5)

GLP-1 (pg mL ™)
TNF-o. (pg mL™")

105.3 (26.8-323.7)
16.3 (8.5-25.9)

“ Except for sex, data are given as medians and 25-75% range.

2. Results

2.1 Baseline characteristics

The study included 30 healthy controls and 77 NAFPD patients
including 38 with co-existing T2DM, who ranged in age from 29
to 63 years (Table 1). The patient demographic data, including
gender, age, body mass index (BMI), FPG, 2hPG, fasting insulin
(FINS), 2 h postprandial glucose (2h-INS), homeostasis model
assessment-insulin residence (HOMA-IR), glycosylated hemo-
globin (HbA1c), triacylglycerol (TG), total cholesterol (TC), high-
density lipoprotein-cholesterol (HDL), low-density lipoprotein-
cholesterol (LDL), adiponectin (APN), leptin (LP), glucagon-
like peptide 1 (GLP-1), tumor necrosis factor-o. (TNF-a) are
summarized. There was no significant difference in these
characteristics between the patients and the healthy controls.
There was no significant difference in these characteristics
between the patients and the healthy controls.

2.2 Lipidomics analysis revealed marked reduction of
plasmalogen content in patients

Cohort studies have shown that low plasma phospholipid
content is associated with the onset of T2DM.”® PC and PE
represent the largest amount of glycerophospholipid in
mammals. Thus, MDMS-SL was first employed to quantify
individual species of PC and PE classes in plasma. Our result is
in line with previous study. In addition, we found a significant
reduction in their plasmalogen (i.e., plasmenylcholine, pPC;
plasmenylethanolamine, pPE) in the two disease groups.

2.2.1 The PC amount undergoes change in NDM and DM
patients. There are three subclasses of PC (phosphatidylcholine,
dPC; pPC; and plasmanylcholine, aPC). Several species of pPC
decreased significantly, while dPC and aPC showed no significant
change. The results are shown in Fig. 1A and Table S1.}
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(
74.4 (15.5-255.7) 76.3 (13.4-297.4)
13.7 (4.2-37.8) 15.1 (6.1-37.5)

2.2.2 The PE amount undergoes change in NDM and DM
patients. The three subclasses of PE (phosphatidylethanol-
amine, dPE; pPE; and plasmanylethanolamine, aPE) were also
quantified. The total amount of pPE in plasma decreased from
184.44 + 13.45 nmol mL™ " in NC group to 170.05 + 13.04 nmol
mL ™" in NDM group and 170.16 + 13.44 nmol mL™' in DM
group, with a mean decrease of about 10%. Another subtype of
PE, aPE, showed a significant decline in the two groups of NDM
(9.24 + 0.72 nmol mL™", P < 0.05)and DM (8.26 & 0.64 nmol
mL~", P < 0.01) groups relative to that in the control group
(11.62 £+ 0.9 nmol per mg protein), with the decline degree
reaching 20% and 29% respectively. The total content of dPE
did not change significantly. The results are detailed in Fig. 1B
and Table S2.1

2.3 Lipid peroxidation is increased in NDM and DM patients
as shown by lipidomics analysis

Most plasmalogens and aPE contents in NDM group and the
DM group were significantly decreased as shown in above
analysis. Knowing that plasmalogens and aPE have impor-
tant antioxidant properties, so we inferred an increasing
oxidative stress in patients preliminarily. In order to further
verify this inference, MDMS-SL was further employed to
determine the levels of a sensitive indicator of lipid peroxi-
dase 4-hydroxyalkenal, knowing that it is one of the impor-
tant products generated in lipid peroxidation and its content
can directly reflect the body level of oxidative stress. It was
found in our study that the concentration of 4-hydrox-
ynonenal was increased in NDM and DM groups as compared
with that in NC group (1.73 = 0.14 nmol mL ™' and 2.06 4 0.21
nmol mL ™" vs. 1.52 & 0.13 nmol mL ™', P < 0.05). Fig. 2 and
Table S3.1

This journal is © The Royal Society of Chemistry 2019
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Fig. 1 Comparison of the amount of altered pPC (a) and pPE (b). Only the major species of plasma pPC and pPE content from different
experimental groups were displayed. *P < 0.05, **P < 0.01, and ***P < 0.001 compared with the control group.

2.4 LysoPC and LysoPE species are decreased in NDM and
DM patients as shown by lipidomics

Many previous study showed IR was characterized by lower levels
of LysoPE and LysoPC,”'® which is consistent with our finding.
The content of most plasma lysoPC species was reduced
substantially in NDM and DM groups as compared with that in
NC group, which is consistent with the trend of PC (Fig. 3A),
although the difference was not statistically significant.

MDMS-SL analysis showed that lysoPE (a metabolite of PE)
reduced by 17.5% and 18.1% in NDM and DM groups respec-
tively as compared with that in NC group (19.44 £+ 0.94 nmol
mL ! and 18.34 4 1.14 nmol mL™* vs. 23.55 + 1.25 nmol mL™*,
P < 0.05) (Fig. 3B).

=3 NC
3 NDM
&3 DM
2.5
*
2.0+

Mass levels of HNE species
(nmol/mg protein)

Major HNE species

Fig.2 Comparison of the amount of altered 4-hydroxynonenals. 4-
Hydroxyalkenals including the content of 4-hydroxy-2(E)-hexe-
nal(4-HHE), 4-hydroxy-2(E)-nondinenal (4-HNDE) and 4-hydroxy-
2(E)-nonenal (4-HNE) from different experimental groups were
displayed. *P < 0.05 and **P < 0.01 compared with the control
group.

This journal is © The Royal Society of Chemistry 2019

2.5 Multivariate statistical analysis of the lipidomics data

OPLS analysis in positive and negative ion modes (Fig. 4A and B)
were performed with the data obtained by MDMS-SL to compare
the lipid profiles of different subjects. According to the OPLS
score plot, the metabolic pattern behaved differently in
different experimental groups. Discriminating metabolites were
identified according to the criteria of a variable importance for
projection (VIP) > 1 and a P-value < 0.05. A total of 27 discrim-
inating metabolites were then identified in NDM vs. NC group,
including 5 PIs, 9 PEs, 2 SMs, 2 LysoPEs,7 PCs and 2 LysoPCs
(Table 2). There were 33 discriminating metabolites in DM vs.
NC group, including 2 PIs, 12 PEs, 2 LysoPEs, 3 SMs, 9 PCs, 3
LysoPCs, 1 4-hydroxy hexenal - carnosine (HHE) and 1 Car
(Table 3). To further understand the metabolic differences
between experimental groups, the identified lipid data were
analysed using clustering heat map (Fig. 4C). Even though
several lipid clusters overlapped slightly, most lipids were
grouped into two differentiated clusters clearly, which is in line
with the OPLS analysis.

2.6 Receiver operating characteristic (ROC) curve analysis

Discriminating metabolites appeared in both NDM vs. NC and
DM vs. NC is of significance for disclosing the relationship
between lipid metabolism with NAFPD and T2DM. Venn anal-
ysis was additionally applied to learn the possible marker that
participates in NAFPD and T2DM pathological process (Fig. 5).
Further selection of potential indicators with those metabolites
fold change > 1 was conducted by ROC analysis. As shown in
Fig. 1A, PC 16:1-16:0, PI 18:0-20:3 is the metabolite with area
under the ROC curve (AUC) = 0.6 (Fig. S17).

2.7 Metabolic pathway analysis

Potential target metabolic pathway analysis revealed that the
metabolites identified by multivariate statistical analysis in the
negative mode were responsible for the metabolism of glyco-
sylphosphatidylinositol (GPI)-anchor biosynthesis and glycer-
ophospholipid metabolism (P-value < 0.05, Fig. 6A). Metabolites

RSC Adv, 2019, 9, 41419-41430 | 41421
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Fig. 3 Comparison of the amount of altered LysoPC (A) and LysoPE (B). Only the major species of plasma LysoPC and LysoPE content from

different experimental groups were displayed. *P < 0.05, **P < 0.01,

in the positive mode are involved pathways of in glycer-
ophospholipid metabolism, linoleic acid metabolism, alpha-
linolenic acid metabolism and arachidonic acid metabolism
(P-value < 0.05, Fig. 6B). The pathways of glycerophospholipid
metabolism, ether lipid metabolism and glycerolipid metabo-
lism are closely linked to each other (http://www.kegg.jp/).

2.8 Network construction

Eight species and 137 kinds of lipid components were identified
in the plasma, including PC, LPC, PI, PE, LPE, SM, HNE and
Car. Knowing that the interaction model among them can be
constructed with the support of IPA (an integrated biological
pathway analysis software) and help predict diseases and
functions by analyzing experimental data of metabolic groups,
we imported the discriminating metabolites in plasma (both

and ***P < 0.001 compared with the control group.

positive and negative modes) into IPA to establish an interactive
network for the sake of enhancing our understanding about the
most relevant and potential candidate biomarkers and canon-
ical pathways of medications associated with NAFPD and
T2DM. The path designer network in negative mode showed 9
CPs were involved with 37 chemicals, 6 of which are discrimi-
nating metabolites (Fig. 7A). Moreover, lipid metabolism,
molecular transport and carbohydrate metabolism were
presumed to be related with predictive analysis of disease and
function. The path designer network in positive mode shows
that 20 CPs were involved with 36 chemicals, 7 of them are
discriminating metabolites (Fig. 7B), its main biological func-
tions are lipid metabolism, molecular transport and small
molecule biochemistry. In general, multitargets and multi-
included in NAFPD and T2DM, and

pathways were

OPLS-DA score plot OPLS-DA score plot

Fig. 4 OPLS score plot of the experimental groups. Box (green), NDM group; circle (blue), NC group; triangle (red), DM group. (A) ESI+, NDM
group vs. NC group, R2X(cum) = 0.205, R2Y(cum) = 0.461, Q2(cum) = 0.14; DM group vs. NC group, R2X(cum) = 0.245, R2Y(cum) = 0.448,
Q2(cum) = 0.0629. (B) ESI—, NDM group vs. NC group, R2X(cum) = 0.403, R2Y(cum) = 0.399, Q2(cum) = —0.0344; DM group vs. NC group,
R2X(cum) = 0.349, R2Y(cum) = 0.513, Q2(cum) = 0.223. Heat map for identified lipids in experimental groups (C). The colour of each section is
proportional to the significance of lipid change (red, up-regulated; green, down-regulated). Rows: samples; columns: metabolites.
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Table 2 List of statistically significant metabolites in NDM vs. NC group
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Name Lipid ion Monoisotopicmass VIP P-value Fold change
MDMS-SL (EIC—)

Higher in NDM

PI(16:0/18:1) [P1 — H]~ 835.5336542 1.375 0.007 1.445
PI(16:0/20:4) [PI — H]” 857.5180041 1.240 0.024 1.431
PI(18:0/20:4) [P — H]™ 885.5493042 1.614 0.004 1.293
PI(18:0/20:3) [PI — H]™ 887.5649543 1.630 0.000 1.532
PI(18:0/22:5) [P1 — H] 911.5649543 1.466 0.024 1.327
Lower in NDM

PE(18:1/16:0) [PE — Fmoc]™ 922.5281153 1.277 0.032 0.855
PE(14:0/22:6) [PE — Fmoc]™ 940.53868 1.882 0.004 0.802
PE(20:0/18:0) [PE — Fmoc]™ 980.4760797 2.372 0.000 0.724
PE(18:0/20:3) [PE — Fmoc]~ 990.55433 1.173 0.013 1.196
PE(18:0/22:5) [PE — Fmoc]~ 998.5594154 1.075 0.028 0.878
PE(18:0/22:4) [PE — Fmoc]~ 1000.575065 1.161 0.033 0.880
PE(20:0/20:4) [PE — Fmoc]™ 1002.590716 1.458 0.007 0.807
PE(18:0/22:2) [PE — Fmoc]™ 1004.606366 1.680 0.009 0.791
PE(18:0/22:6) [PE — Fmoc]~ 1012.53868 1.692 0.016 1.220
LPE(18:0) [LPE — Fmoc]™ 686.3140998 1.029 0.000 0.614
LPE(22:0) [LPE — Fmoc]~ 742.3767 1.021 0.029 0.743
MDMS-SL (EIC+)

Lower in NDM

SM(16:0) [SM + Li]" 709.5835748 1.029 0.016 0.921
SM(24:3) [SM + Li i 815.6618251 1.139 0.008 0.822
PC(16:1/16:0) [pC + Li]* 738.562505 2.262 0.002 1.396
PC(16:0/18:1) [PC + Li]® 750.5988905 1.810 0.002 0.792
PC(16:0/18:1) [PC + Li]® 766.5938051 2.115 0.002 1.193
PC(18:0/18:1) [PC + Li]* 794.6251053 1.610 0.013 1.137
PC(18:0/20:1) [PC + Li]* 806.6614908 1.418 0.014 1.197
PC(18:0/20:3) [PC + Li]® 818.6251053 2.4587 0.000 1.330
PC(18:0/22:5) [PC + Li:|+ 842.6251053 1.997 0.026 1.152
LysoPC(18:2) [LPC + Na]" 542.322 2.746 0.001 0.791
LysoPC(18:1) [LPC + Na] 544.337 1.655 0.036 0.864

representative metabolites, such as PI, PE, PC and SM may be
the targeting regulatory molecular biomarkers. Phosphatidyl-
ethanolamine biosynthesis, 3-phosphoinositide degradation, 3-
phosphoinositide biosynthesis, type 2 diabetes mellitus,
sphingomyelin metabolism, phosphatidylcholines biosyn-
thesis, sphingomyelin-1-phosphate  signaling, ceramide
signaling, phospholipase, triacylglycerol biosynthesis could be
the major interfering signaling pathways.

3. Discussion

T2DM is a progressive process and patients can stay in
a complex prodromal phase for many years. Thus, it is of great
importance to find markers to track and evaluate the risk of
T2DM at its early state. NAFPD is one of the high-risk conditions
that precedes onset of T2DM, which has dramatically attracted
attention for T2DM prevention and pathogenesis research.
However, the underlying associations and molecular mecha-
nisms between NAFPD and T2DM still remain poorly under-
stood. Lipids represent an essential group of organic molecules,
which can be further divided into diverse classes and
subclasses. They are important energy storage molecules and
the main constituents of cellular membranes.'*"**> What's more,

This journal is © The Royal Society of Chemistry 2019

lipids are critical messenger molecules.® Previous studies sug-
gested that lipids may serve as mediators of IR.* Since both
NAFPD and T2DM are characterized by dysregulated lipid
metabolism and closely associated with IR, we believe lipid
metabolism is critical to unraveling the underlying mechanisms
and possible relationship of these two important diseases. Lipid
profile alteration is not only a consequence of diseases, but can
also precede the onset of diseases, which allows it to be
a biomarker of specific diseases and a predictor of disease
progression in the future.'® So far, lipidomics analysis of human
plasma has indeed discovered lipid signatures such as PC, PE,
Cer, PI and TAG as potential disease biomarkers of ectopic fat
deposition and T2DM over the past years.'*'®* However, study on
the complexity of lipid metabolism has been hampered by the
analysis of defined lipid species and difficulty in separating
lipid molecules. Thus, we integrated lipidomics with clinical
research by virtue of the analytical power of MDMS-DL," which
can separate various kinds of lipids effectively and make qual-
itative and quantitative analysis of individual lipids possible.
It is noteworthy that we revealed marked reduction of PC and
PE plasmalogen in patients. The relationship between plas-
malogen levels and metabolic diseases such as T2DM, cardio-
vascular disease, and some cancers has been found in identified

RSC Adv, 2019, 9, 41419-41430 | 41423
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Table 3 List of statistically significant metabolites in DM vs. NC group
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Name Lipid ion Monoisotopicmass VIP P-value Fold change
MDMS-SL (EIC—)

Higher in DM

PI(14:1/14:0) [PI — H] 751.4397538 1.183 0.031 1.297
PI(18:0/20:3) [PI — H|” 887.5649543 1.129 0.002 1.404
Lower in DM

PE(16:0/18:2) [PE — Fmoc]~ 936.5073798 1.572 0.001 1.337
PE(16:0/18:1) [PE — Fmoc]~ 938.5230299 1.285 0.014 1.287
PE(14:0/22:6) [PE — Fmoc]~ 940.53868 1.707 0.012 0.816
PE(18:0/18:2) [PE — Fmoc]~ 964.53868 1.378 0.008 1.23
PE(18:0/20:3) [PE — Fmoc]~ 974.5594154 1.722 0.000 0.755
PE(20:1/18:1) [PE — Fmoc]~ 976.5750655 1.817 0.008 0.836
PE(20:0/18:0) [PE — Fmoc|~ 980.4760797 2.110 0.000 0.713
PE(18:0/22:6) [PE — Fmoc]~ 996.5437653 1.154 0.005 0.824
PE(18:0/22:5) [PE — Fmoc]~ 998.5594154 1.106 0.018 0.863
PE(18:0/22:4) [PE — Fmoc|~ 1000.575065 2.037 0.000 0.809
PE(20:0/20:4) [PE — Fmoc]~ 1002.590716 2.244 0.000 0.729
PE(18:0/22:2) [PE — Fmoc]~ 1004.606366 2.375 0.000 0.671
LPE(18:0) [LPE — Fmoc]~ 686.3140998 1.167 0.000 0.625
LPE(22:1) [LPE — Fmoc]~ 740.3610499 1.650 0.019 0.633
MDMS-SL (EIC+)

Lower in DM

SM(15:0) [SM + Li]* 695.5679247 1.630 0.001 0.837
SM(17:0) [SM + Li]" 723.5992249 1.518 0.000 0.804
SM(24:2) [SM + Li]" 817.6774752 1.162 0.046 0.876
PC(16:1/16:0) [PC + Li]" 738.562505 1.625 0.007 1.355
PC(16:0/18:1) [PC + Li]" 750.5988905 1.547 0.011 0.816
PC(16:0/18:0) [PC + Li]" 752.6145406 1.456 0.009 0.845
PC(16:0/18:2) [PC + Li]" 764.5781551 1.112 0.029 1.110
PC(16:0/18:1) [PC + Li]" 766.5938051 1.848 0.004 1.166
PC(18:0/18:1) [PC + Li:rr 778.6301906 2.086 0.001 0.840
PC(18:2/20:1) [PC + Li]" 802.6301906 1.439 0.038 0.852
PC(18:1/22:6) [PC + Li]* 838.5938051 2.304 0.000 0.759
PC(18:0/22:6) [PC + Li]" 840.6094552 1.305 0.017 0.843
LysoPC(18:2) [LPC + Na]* 542.322 1.914 0.014 0.846
LysoPC(18:1) [LPC + Na]* 544.337 1.932 0.010 0.825
LysoPC(22:6) [LPC + Na]' 590.322 1.815 0.001 0.725
HNE [HNE + H] 341.1824949 1.613 0.005 0.701
Acyl-carnitine [Acyl-carnitine + H]" 424.342684 1.187 0.040 0.834

lipidomic profiling of cohort studies. It was reported that
plasmalogens had a negative associations with obesity,*
prediabetes and T2DM.** In this study, we provided evidence of
plasmalogen as a biomarker in NAFPD. The primarily existent
forms of plasmalogen are pPE and pPC. Although the functions
of plasmalogens have not yet been fully elucidated, it has been
demonstrated that they can protect mammalian cells against
the damaging effects of reactive oxygen species (ROS).>>*
MDMS-SL revealed that total pPE content was significantly
reduced in NDM and DM patients compared with that in NC (P
< 0.05), and DM group had more significantly changed pPE
species than NDM group. Virtually, all pPE species showed
varying degrees of reduction. As synthesis of pPE occurs in
peroxisome because it generates the critical precursor for
plasmalogen, we inferred a peroxidase dysfunction in disease
groups, which can be supported by the decreased aPE content.
As peroxisomes plays an important role in lipid metabolism and
ROS modulation,* its dysfunction can worsen dyslipidemia.
The analysis of pPC classes in plasma showed a similar trend.

41424 | RSC Adv, 2019, 9, 41419-41430

Plasmalogens are well known to be endogenous ROS scaven-
gers.” Changes in plasmalogen homeostasis can exacerbate
free fatty acid accumulation and mitochondrial dysfunction,
which may increase the ROS level.”® Oxidative stress would
result in IR through various stress sensitive intracellular path-
ways.”” The vinyl ether bond at the sn-1 position of plasmal-
ogens is accessible to be attacked and cleavaged by ROS, leading
to generation a large number of lipid peroxidation products
including 4-hydroxyalkenals. 4-Hydroxyalkenals is a sensitive
indicator of lipid peroxidation that can reflect oxidative stress
level of the body. The increased HNE content in our study
indicated that the patients are under enhanced oxidative stress
and subsequent lipid peroxidation tend to be the underlying
mechanism of marked reduction of pPE levels presented NDM
and DM patients. In other words, low plasmalogens can lead to
a vicious cycle of oxidative stress and IR, which may be under-
lying mechanism in the process of NAFPD and T2DM. In
addition, we also detected a reduction in lysoPE and lysoPC in
the plasma of these patients, which provides more evidence for

This journal is © The Royal Society of Chemistry 2019
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Fig. 5 Venn diagrams showing overlaps of discriminating metabolics between the experimental groups at EIC— (a) and EIC+ (b).

the association between decreased lysoPE and lysoPC levels and
metabolic diseases.?®

OPLS analysis was performed to substantiate the alterations
of lipid profiles between the NDM and DM patients and healthy
controls. We applied strict inclusion and exclusion criteria for
NDM and DM patients and controls to minimize potential
influence from systemic confounding factors. Finally, 60
discriminating metabolites in patients, including 7 PI, 21 PE, 5
SM, 4 LysoPEs, 16 PC, 5 LysoPCs, 1 HHE and 1 Car were iden-
tified (VIP value > 1). Venn analysis showed that 15 of them tend
to be metabolic biomarkers in progression to T2DM in NAFPD
patients, which include 8 PEs, 3 PCs, 1 lysoPE, 2 lysoPC and 1 PI.
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These results further validate that phospholipids as represented
by PC and PE are of great importance as predictor for T2DM in
NAFPD patients. Among them, PC16:1-16:0 and PI 18:0-20:3 has
the AUC = 0.6 and is therefore considered to be the key
metabolite for progression of T2DM in NAFPD patients. Obvi-
ously, these lipid candidates require further validation with
rigorous clinical standard before clinical application.

Pathway analysis results revealed that the discriminating
metabolites of NAFPD and T2DM was mainly related to
metabolism of GPI-anchor biosynthesis, glycerophospholipid
metabolism, linoleic acid metabolism, alpha-linolenic acid
metabolism and arachidonic acid metabolism. Finally, the
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Fig.6 Pathway analysis for identified metabolites. All matched pathways are plotted according to P-value from pathway enrichment analysis and
pathway impact score from pathway topology analysis. Each bubble in the bubble diagram represents a metabolic pathway. The horizontal axis
and bubble size represent impact score from pathway topology analysis (the larger the circle the higher the impact score); the vertical coordinate
where the bubble is and the bubble color indicate the P value (take the negative natural log, i.e. —log P-value) of the enrichment analysis (the
darker the bubble the lower P-value). (A) Pathway analysis of the 32 identified metabolites at EIC—. (a) Glycosylphosphatidylinositol (GPI)-anchor
biosynthesis; (b) glycerophospholipid metabolism (B) pathway analysis of the 26 identified metabolites at EIC+. (a) Glycerophospholipid
metabolism; (b) linoleic acid metabolism; (c) alpha-linolenic acid metabolism; (d) arachidonic acid metabolism.
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Fig. 7 The path designer network of discriminating metabolites (yellow mark) in positive (A) and negative modes (B). There are 7 discriminating
metabolites in positive mode such as PI, PE and LPE, in which Pl and PE tend to be central of the network; there are 6 discriminating metabolites
in positive mode such PC, LPC, SM, carnosine and car, in which PC and SM tend to be central of the network.

metabolic network constructed by correlating the disturbed
metabolic pathways suggests that lipid metabolism, molecular
transport, small molecule biochemistry and carbohydrate
metabolism were also presumed related with disease progres-
sion according to IPA predictive analysis of disease and

41426 | RSC Adv, 2019, 9, 41419-41430

function. Glycerophospholipid metabolism pathway is related
to disease progression in both positive and negative mode and
glycerolphospholipids such as PI, PC and PE are in the central
of the network. They can influence lipid and carbohydrate

This journal is © The Royal Society of Chemistry 2019
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metabolism, which exhibits considerable evidence for their
pathogenic role in NAFPD and T2DM.

Since the risk of diabetes begins to increase at compara-
tively normal BMI in Asian populations, ectopic fat deposi-
tion may be a better measure of actual diabetic risk. Our
study not only provided evidence for NAFPD as a risk factor of
T2DM, but also suggest that the NAFPD and T2DM patients
are under increasing ROS level and enhanced oxidative
stress. ROS and oxidative stress has been associated with an
increased risk for IR and diabetes. However, to our knowl-
edge, there have been no studies assessing levels of oxidative
stress in Asian T2DM populations. Our findings may help to
further explain the greater the deposition of visceral fat in
Asians compared to Caucasians and other populations.>*-**
We also validate the key phospholipid metabolites for
progression of T2DM in NAFPD patients, which is closely
related to IR. However, phospholipid metabolism can be
influenced by diet. For example, PE and PI were characterized
as high-fat diet-induced lipids in muscle in previous study.**
Higher intakes of refined carbohydrates, saturated fats, and
trans fats could adversely affect lipid metabolism and IR,
whereas a higher intake of polyunsaturated fat and possibly
long-chain n-3 fatty acids could be beneficial.** So these lipid
candidates require further validation with consideration of
different nutritional statuses. This association between
NAFPD and T2DM needs to be further validated with the
combination of various “omics”, i.e., metabolomics, geno-
mics and proteomics and a larger number of patients. In
addition, there was no statistically significant difference
among the groups in our study and the study might not be
adequately powered to be stratified by sex, which may due to
the insufficient sample size. Further study by expanding the
sample size to explore the correlation between gender and
disease incidence as well as lipid profile characteristics is
needed.

4. Materials and methods

The study was conducted in accordance with the Declaration of
Helsinki (Finland, 1964). It also has followed all applicable
institutional and government regulations concerning ethics in
China and was approved by the Ethics Committee of Ningbo
Chinese Medical Hospital. All subjects signed the informed
consent form. The inclusion and exclusion criteria were same as
we reported before.**

4.1 Participant recruitment and grouping

A total of 110 participants were enrolled for the MDMS-SL
analysis in this study, including 80 patients with NAFPD and
30 healthy individuals. All participants were unrelated Chinese
Han individuals who were recruited from the Ningbo Chinese
Hospital from October 2015 to April 2017. Finally, a total of 107
subjects were divided into the 3 groups, namely the normal
control group (NC group, n = 30), the NAFPD with no T2DM
group (NDM group, n = 39, 1 patient taking statins is excluded),

This journal is © The Royal Society of Chemistry 2019
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and NAFPD with T2DM (DM group, n = 38, 1 cancer patient and
1 pregnant woman is excluded).

4.2 Diagnostic criteria for NAFPD

All the ultrasonic data were collected by 2 licensed ultrasonic
physicians, using high resolution ultrasound (LOGIQ7, GE, US)
and 3.5 MHz linear sensor. An objective pancreas echo contrast
was obtained by comparing the different echogenicity between
the pancreas and spleen.*® The criteria for NAFPD diagnosis
were as follows: (1) the increase in echogenicity of the pancre-
atic parenchyma was greater than that of the spleen and the
echo enhancement area was larger than 80%; (2) the pancreas
had a plump morphology, enlarged volume and fuzzy edge; and
(3) the three values of the head, body and tail of the pancreas
were close. Patients with pancreatic fibrosis were excluded.

4.3 Criteria for T2DM diagnosis

The diagnosis of T2DM was based on the 2010 American Dia-
betes Association (ADA) criteria,* including (1) fasting blood
glucose (FPG) = 7.0 mmol L™'; (2) plasma glucose of 2 hours
post glucose-load (2hPG) =11.1 mmol L' during an oral
glucose tolerance test (OGTT)

4.4 Lipid profiling using MDMS-SL analysis

4.4.1 Lipid standards and chemicals. Lipid internal stan-
dards including choline glycerophospholipid (PC), ethanolamine
glycerophospholipid (PE), lysophosphatidylethanolamine (LysoPE)
, lysophosphatidylcholine (LysoPC), acyl-carnitine (Car), ceramide
(Cer), sphingomyelin (SM), 4-hydroxy-2(E)}-nonenal (HNE) were
purchased from Avanti Polar lipids, Inc. (Alabaster, AL, USA),
Matreya, Inc. (Pleasant Gap, PA, USA), or Nu Chek, Inc. (Elysian,
MN, USA). All the solvents were obtained from Burdick and Jack-
son (Honeywell International Inc., Muskegon, MI). All other
reagents were at least analytical grade and purchased from Fisher
(USA). The internal standard mixture was prepared according to
literature and preliminary experimental results®” (Table S4+).

4.4.2 Plasma sample preparation. Human blood samples (5
mL) obtained from volunteers who met the above criteria were
packed in a coagulation tube and stored at low temperature
during the whole transportation process. Each blood sample was
centrifuged at 376g for 10 min at room temperature. The super-
natant was collected as the plasma sample. The samples were
numbered and stored at —80 °C for subsequent experiment.

4.4.3 Lipid extraction. Lipids from each plasma sample
(100 pL) were extracted with CHCl3/MeOH (1 : 1, v/v) according
to the protocol of Bligh and Dyer®® in the presence of internal
standards as previously described® for global lipid analysis. The
internal standard was added into each plasma sample based on
its protein content. Specifically, 4 mL CHCI3/MeOH (1 : 1, v/v),
2 mL LiCl solution (50 mM), and internal standard (36 pL
after calculation) were added to each plasma sample in a 10 mL
centrifuge glass tube. The extraction mixtures were vortexed
and centrifuged at 1150g for 5 min. The CHCI; layer of each
extract mixture was removed to another 10 mL centrifuge glass
tube. An additional 2 mL of CHCI; was added to the MeOH layer
of each test tube, and the organic media from each individual

RSC Adv, 2019, 9, 41419-41430 | 41427
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sample was combined and dried under a nitrogen stream after
centrifugation. Finally, each individual lipid extracts was
resuspended in CHCI3/MeOH (1 : 1, v/v) corresponding to 2 mL
mL ™" serum and flushed with nitrogen, capped, and stored at
—20° for ESI/MS.

4.4.4 MDMS-SL analysis. The lipid extracts were further
diluted with 1:2 CHClz/MeOH/isopropanol (1:2:4, v/v) to
ensure that the lipid concentration was below 50 pmol mL™" to
avoid lipid aggregation. Next, the diluted lipid extract was
directly infused into the ESI ion source of a TSQ Quantum Ultra
mass spectrometer (Thermo Fisher Scientific, San Jose, CA)
equipped with an automated NanosPray apparatus (TriVersa
NanoMate, Advion Bioscience Ltd, Ithaca, NY). A potential
difference of 1.2 keV was applied between the electrospray
needle and the interior of the ion source (320 °C). The
customized sequence subroutine of the Xcalibur software was
employed for automatic switch between different scanning
modes (1 min for full MS scan mode, 2-5 min for tandem MS
analysis) corresponding to all potentially occurring lipid classes
of the serum sample to give rise to a final neutral loss scan. The
first and third quadrupole detectors were set with a mass
resolution of peak width 0.7 Th, while the second quadrupole
serves as collision cell and argon was used as the collision gas. A
collision gas pressure of 1.0 mTorr and a collision energy of
35 eV were employed.

4.5 Data processing

4.5.1 Data processing and statistical analysis. MS data
processing, including noise filter, baseline correction, peak
intensity identification, and quantitation was performed by
Microsoft Office Excel 2010 (Microsoft, Redmond, WA) macros
program. Data are presented as mean = SEM. Dunnet ¢-tests
were conducted to elucidate the altering lipid species by SPSS
(23.0) to determine significant differences (P < 0.05) between the
groups.

4.5.2 Multivariate statistical analysis. The raw MDMS-SL
data for all samples were initially processed using Thermo
Lipid Search v4.0.20 Software (Thermo Scientific, USA). The
data from each sample were then normalized to total area and
then imported into the software SIMCA-P (V13.0 Umetrics AB,
Umea, Sweden) to perform multivariate statistical analysis in
the form of supervised orthogonal partial least square (OPLS)
analysis. Knowing that OPLS is beneficial to refocus the analysis
towards discriminating lipids that contribute to the study
objectives and removal of a systematic variation does not
necessarily align with the scientific question of interest, we used
the OPLS score plots and VIP statistics to select significant
variables responsible for group separation. Then, these features
were further subjected to a two-tailed ¢-test. Candidates with
a OPLS-DA VIP > 1 and t-test p values < 0.5 was preferred for
further analysis. Subsequent clustering heatmaps for discrimi-
nating candidates were performed by heatmap v1.0.12.

4.5.3 Network and pathway analysis. IPA is an integrated
biological pathway analysis software based on cloud computing,
which is supported by a highly structured biological information
platform named Ingenuity Knowledge Base. Discriminating
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lipids were further analyzed by IPA to visualize the metabolomic
data and identify potential metabolic pathways.

5. Conclusions

In this study, we for the first time utilized MDMS-SL to deter-
mine plasma lipid profile signature of NAFPD and T2DM
patients, in an attempt to enhance the current understanding
about NAFPD and explore potential lipid biomarkers for pre-
dicting prognosis from NAFPD to T2DM. The results demon-
strate that pPC and pPE were decreased and 4-hydroxyalkenal
level was increased remarkably in NDM and DM patients,
probably due to lipid peroxidation resulting from increased
oxidative stress and peroxisomal dysfunction. There was also
a reduction in LysoPC and LysoPE, which is in line with
previous studies. Our multivariate statistical analysis and ROC
analysis demonstrated that PC 16:1-16:0 and PI 18:0-20:3 are key
indicator in the lipid metabolism in NAFPD and T2DM patients
in our study. Metabolic pathway analysis and functional anal-
yses showed that the discriminating lipids were primarily
involved in  glycerophospholipids = metabolism  and
glycosylphosphatidylinositol-anchored protein biosynthesis.
Furthermore, lipid metabolism, molecular transport, small
molecule biochemistry, and carbohydrate metabolism were also
presumably related to NAFPD and T2DM according to the
metabolic network constructed by IPA. Altogether, our study
showed that the profile of plasma lipid alteration in NAFPD
patients is similar to that in T2DM patients. Also, we identified
several novel mutual lipid candidates in both NAFPD and T2DM
groups. All these results demonstrate that NAFPD is not a silent
spectator but a pathogenetic predictor of T2DM, and that lipid
biomarkers have predictive power in predicting insidious
progression to T2DM.
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