Check for
updates

Shared and distinct lipid-lipid interactions in plasma and
affected tissues in a diabetic mouse model*

Kelli M. Sas,* Jiahe Lin," Thekkelnaycke M. Rajendiran,”** Tanu Soni,** Viji Nair,
Lucy M. Hinder, Hosagrahar V. Jagadish,*** Thomas W. Gardner,'"#*#* Steven F. Abcouwer, "
Frank C. Brosius IIL,***** Eva L. Feldman,§§ Matthias Kretzler,*’“ George Michailidis,§§§ and

: Loyers
Subramaniam Pennathur *# %% ##:#:%

Division of Nephrology, Departments of Internal Medicine,* Statistics,’ Pathology,§ Computational Medicine
and Bioinformatics,'" Neurology,§§ Electrical Engineering and Computer Science,*** Ophthalmology and
Visual Sciences," and Molecular and Integrative Physiology,**** University of Michigan, Ann Arbor, MI 48109;
Michigan Regional Comprehensive Metabolomics Resource Core,** Ann Arbor, MI 48105; and Department
of Statistics and Computer and Information Sciences,§§§ University of Florida, Gainesville, FL. 32611

Abstract Lipids are ubiquitous metabolites with diverse
functions; abnormalities in lipid metabolism appear to be
related to complications from multiple diseases, including
type 2 diabetes. Through technological advances, the entire
lipidome has been characterized and researchers now need
computational approaches to better understand lipid net-
work perturbations in different diseases. Using a mouse
model of type 2 diabetes with microvascular complications,
we examined lipid levels in plasma and in renal, neural, and
retinal tissues to identify shared and distinct lipid abnormali-
ties. We used correlation analysis to construct interaction
networks in each tissue, to associate changes in lipids with
changes in enzymes of lipid metabolism, and to identify
overlap of coregulated lipid subclasses between plasma and
each tissue to define subclasses of plasma lipids to use as
surrogates of tissue lipid metabolism. Lipid metabolism al-
terations were mostly tissue specific in the kidney, nerve, and
retina; no lipid changes correlated between the plasma and
all three tissue types. However, alterations in diacylglycerol
and in lipids containing arachidonic acid, an inflammatory
mediator, were shared among the tissue types, and the highly
saturated cholesterol esters were similarly coregulated be-
tween plasma and each tissue type in the diabetic mouse.Bl
Our results identified several patterns of altered lipid me-
tabolism that may help to identify pathogenic alterations in
different tissues and could be used as biomarkers in future
research into diabetic microvascular tissue damage.—Sas, K.
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Lipids are vital metabolites that serve as structural com-
ponents of cell membranes, signaling mediators, and
energy depots. The advent of MS-based lipidomics has
expanded our knowledge on lipid alterations in disease
and has identified lipid biomarkers of disease states (1). A
limitation of current comprehensive shotgun lipidomic
techniques is that lipids are identified by class group along
with the total number of carbon molecules and double
bonds in the aliphatic side chains. This information does
not allow for the definitive identification of most lipid spe-
cies because structural isomers cannot be positively as-
signed. This limits input primarily to the lipid class level
and restricts the ability to map these lipid metabolites to
databases such as Kyoto Encyclopedia of Genes and Ge-
nomes. Although a typical shotgun lipidomic experiment
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can characterize hundreds of unique lipid identities, these
get condensed to a handful (10-20) when only consider-
ing lipid class. Furthermore, individual lipids are under-
represented in databases, such as Kyoto Encyclopedia of
Genes and Genomes, which are frequently used in systems
analysis and pathway mapping, limiting the potential of using
multi-omics datasets for understanding disease processes (2).
To that end, reconstruction of interaction networks among
lipid species from their quantitative MS profiles would pro-
vide insights into associated biological mechanisms (3).

Both type 1 and type 2 diabetes are accompanied by dys-
lipidemia, which is characterized clinically by elevated
plasma triglycerides and cholesterol with an enrichment of
LDL cholesterol and decreased HDL cholesterol. Recently,
lipidomics has revealed abnormalities in other lipid classes
in diabetes along with intra-class variation (4-9). Expan-
sion of lipid coverage has improved diabetes risk predic-
tion (4, 6,9) and increased research on the impact of other
lipid classes on diabetes and diabetic complications (10-12).
Three devastating complications of diabetes are diabetic
kidney disease (DKD), diabetic peripheral neuropathy
(DPN), and diabetic retinopathy (DR), and most diabetic
patients develop at least one of these complications in their
lifetime. Dyslipidemia is associated with the onset and pro-
gression of DKD (10, 13-15), DPN (16, 17), and potentially
DR (18, 19), although how dyslipidemia correlates with tis-
sue lipid metabolism and disease progression is poorly
understood. While plasma lipid composition is used to de-
termine biomarkers for progression of DKD, DPN, and DR,
it is unknown whether these extrinsic systemic lipid altera-
tions are reflected in the tissues themselves and can po-
tentially be used to provide insight into specific tissue
metabolism or if they are relatively nonspecific and reflec-
tive of broader changes.

DKD, DPN, and DR are classically termed diabetic mi-
crovascular complications. Although the metabolic re-
sponse of these tissues to diabetes has historically been
thought to be similar and downstream of altered glucose
metabolism (20), we recently found that glucose and fatty
acid oxidation are tissue specific and dissimilar among the
three diabetic end-organ target tissues of kidney, nerve,
and retina (21). Transcriptomic analysis identified several
pathways involved in lipid biosynthesis that were enriched
in both the diabetic mouse kidney and nerve (21), al-
though dysregulation of gene expression in the diabetic
kidney and nerve was overall discordant (22, 23). Tran-
scriptomic data indicates altered lipid synthesis, but there
is a lack of information on broader lipid changes derived
from synthesis in these diabetic tissues and how any lipid
changes relate to mRNA expression. In the current study,
we performed lipid profiling on mouse plasma, kidney,
nerve, and retina. We used the BKS db/db mouse model of
type 2 diabetes because this model develops all three dia-
betic microvascular complications (DKD, DPN, and DR)
and is a representative model of human dyslipidemia (24).
Using these profiles, we compared the lipidome from
plasma to each tissue and compared lipidomes for all three
tissues to determine similarities among profiles. We also
used correlation analysis to provide precursory information
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on interaction networks in each tissue and focused on the
diabetic kidney for a proof of concept of a lipid-centric ap-
proach to multi-omic data integration. These analyses will
help determine which classes of lipids in plasma are most
useful for analysis of diabetic tissue health and provide a
unique approach for linking lipid changes to enzymatic
pathways.

MATERIALS AND METHODS

Reagents

All HPLC grade reagents were from Sigma-Aldrich (St. Louis,
MO). The lipid internal standards were from Avanti Polar Lipids
(Alabaster, AL).

Animal studies

Male BKS db/+and db/db mice (BKS.Cg—m”Jr Leprdb/J;Jackson
Laboratory, Bar Harbor, ME) were used at 24 weeks of age, cor-
responding to advanced DKD, DPN, and DR (25-28). Food and
water were provided ad libitum. Mice (n = 10 per group) were
fasted 2 h prior to euthanasia. At the time of euthanasia, plasma,
liver, kidney cortex, sciatic nerve, and retina were collected, snap-
frozen, and stored at —80°C until use. The University of Michigan
committee on use and care of animals reviewed and approved all
animal protocols for this study.

Internal standards and quality controls

Lipid standards [cholesteryl ester (CE) 17:0, ceramide
d18:1/17:0, diacylglycerol (DAG) d5 19:0, lysophosphatidylcho-
line (LPC) 17:0/0:0, monoacylglycerol (MAG) 17:0, phosphatidic
acid (PA) 17:0, phosphatidylcholine (PC) 17:0, phosphatidyletha-
nolamine (PE) 17:0, phosphatidylglycerol (PG) 17:0, phosphati-
dylinositol (PI) 17:0/20:4, phosphatidylserine (PS) 17:0, SM d18:1/
17:0, and triacylglycerol (TAG) 17:0] were prepared at 1 mg/ml
in chloroform/methanol/water and stored at —20°C. For analy-
sis, the final concentration of each standard was 100 pmol/pl. To
monitor instrument performance, 10 pl of a dried matrix-free
mixture of internal standards reconstituted in 100 pl buffer B
were analyzed. To monitor the lipid extraction process, a stan-
dard pool of plasma samples and a pool comprised of each test
sample were analyzed at the beginning and end of each batch, as
well as after every 20 samples.

Sample preparation for MS analysis

Lipids were extracted from plasma (30 wl) or homogenized tis-
sues in a randomized order using a modified Bligh-Dyer method
(29), as previously described (10). Briefly, extraction was performed
using a 2:2:2 vol ratio of water/methanol/dichloromethane at
room temperature after spiking internal standards. The organic
layer was collected, dried completely under nitrogen, resus-
pended in 100 pl buffer B (5:10:85 water:acetonitrile:isopropanol
containing 10 mM ammonium acetate) and analyzed using LC/
MS/MS-based lipidomics.

Data acquisition through LC/MS/MS analysis

Chromatographic separation was performed on a Shimadzu
CTO-20A Nexera X2 UHPLC system (Shimadzu, Kyoto, Japan)
with a 1.8 pm particle 50 x 2.1 mm internal diameter Waters Ac-
quity HSS T3 column (Waters, Milford, MA), as previously de-
scribed (10). The injection volume was 5 .l for all analyses. The
data acquisition of each sample was performed in both positive
and negative ionization modes using a TripleTOF 5600 equipped
with a Turbo V™ ion source (AB Sciex, Concord, Canada). The



mass range of both modes was m/z 50-1,200. Acquisition of MS/
MS spectra was controlled by data-dependent acquisition function
of the Analyst TF software (AB Sciex) with the application of the
following parameters: dynamic background subtraction, charge
monitoring to exclude multiply charged ions and isotopes, and
dynamic exclusion of former target ions for 9 s. A collision energy
spread of 20 V was set whereby the software calculated the colli-
sion energy value to be applied as a function of m/z Mass accuracy
was maintained by the use of an automated calibrant delivery sys-
tem (AB Sciex) interfaced to the second inlet of the DuoSpray
source. Calibrations were performed at the start of a workday and
whenever ionization polarity was changed. MS data files were pro-
cessed using MultiQuant 1.1.0.26 (Applied Biosystems/MDS Ana-
lytical Technologies, Foster City, CA) (30). Identified lipids were
normalized to plasma volume or tissue weight. Quality control
samples were used to monitor the overall quality of the lipid ex-
traction and MS analyses (31). The quality control samples were
mainly used to remove technical outliers and lipid species that were
detected below the lipid class-based lower limit of quantification.

Data processing

After data acquisition, the identified lipids underwent a com-
pound-by-compound review to combine different adducts of the
same lipid feature. Missing values were imputed using the k-near-
est neighbor method (32). Data were log transformed followed by
normalization using the cross-contribution compensating multi-
ple internal standard normalization method (33). Data from posi-
tive and negative modes were combined and scaled by the
standard deviation.

Statistical analysis

Differentials at individual lipid level. For any tissue and all lipids
that were detected for this tissue, we used #tests to test differen-
tials between groups (control vs. diabetic) followed by Benjamini-
Hochberg false discovery rate (FDR) correction (34) to control
the family-wise type I error. Specifically, for each tissue, the tstatis-
tic for lipid ¢ is calculated as

, = (Xi=X0)
' S[)ooled\IQ/"

2,2
where ¢ = 2t s the pooled standard deviation of the
pooled 9

two groups under consideration, and sf and 53 are the unbiased
estimator of the variance for the two groups, respectively. For any
specific lipid 4, the P-value is calculated as

pi= 2P“tl-| < tdf]

where t,7(e) is the Student’s ¢distribution with df being the de-
gree of freedom; note that for this data set, df =20-2=18. Fi-
nally, we performed FDR correction on all Pis for any specific
tissue/plasma to get the adjusted p-values, Pi. The null hypothesis
that the lipid does not differ at the mean level for the two groups
was rejected if p; < 0.01.

Correlation analysis at the individual lipid level. To obtain the
correlations for all p = 364 lipids that are common across all three
tissues and plasma, we calculated the Pearson correlation for lipid
iand lipid j as

where xi is the k th sample of lipid i and x'is the sample mean for
lipid «. Further, we only retained the correlations that were statisti-
cally significantly different than 0. To do so, we first calculated
Fisher’s zscore for each pj;, given by

L

which under the null hypothesis, Hj, : Py = 0, is normally distrib-

uted with mean zero and standard deviation where 7 de-

1
Vn—3’

notes the sample size. The corresponding Pvalue is given by
1 =2P(Z>Vn=3 |3 ).

Moreover, to control the family-wise type I error rate, we adjusted

all M
2

pairs of the resulting Pvalues Pij (1 Si<jys 1’) using

the Benjamini-Hochberg FDR correction, and denote the ad-

justed Pvalues by Pj. Finally, the statistically significant correla-
tions, i’ija are given by

Pij :pijl(l;ij < a)

where & is the family-wise type I error rate under control. In this
study, we set & =0.1.

Correlation analysis at the lipid set level. To test whether any pre-
specified sets of lipids are differentially coexpressed between
plasma and any of the tissues under study (e.g., diabetic plasma vs.
diabetic retina), we propose the following procedure, which pro-
vides adequate power in detecting the differentially coexpressed
sets, while simultaneously keeping the FDR controlled at a pre-
specified level (e.g., 0.1). The proposed test is in the spirit of path-
way enrichment tests, such as Gene Set Enrichment Analysis (35),
and its variants that look for persistent activity in the quantities
under study (e.g., correlation differentials in our setting). Specifi-
cally, the testing procedure is carried out in three steps:

SteP 1. Test for individual pairs of lipids between tissues. For
each pair of lipids indexed by (3, j), we test whether they are dif-
ferentially coexpressed between plasma and the tissue under con-
sideration; that is, the null hypothesis is given by Hy ij ,OZ] /Jl]

versus the alternative Hl:ij :pl-]- ¢Pi]" where pl-]-,k €{A,B} repre-

sents the correlation between lipid ¢ and lipid J for tissue k. The
test statistic is given by

~N(0,1), under HO,ij

where n, and ng respectively denote the sample size for tissues A
and B. The p-value is given by
=#lz>1)

where Z is distributed as a standard normal random variable.
Based on a thresholding level &, which controls the type I error of
this individual test, the decision of the test is given by

dij = 1(p; < @,
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that is, we reject Hy if the p-value is smaller than the threshold.
In this study, we set & = 0.05.

SteEp 2. Calculate p-values for each lipid set. For any prespeci-
fied set S, we test whether at the set level, it is differentially coex-
pressed between tissues A and B. The test statistic is defined as

Ts= Y 4

i€S,jesS

which counts the total number of pairs of lipids for which the null
hypothesis is rejected based on the individual test in Step 1. Un-
der the null hypothesis that set S is commonly coexpressed be-
tween tissues A and B, 7 follows a binomial distribution with size
ns
2
is the total number of correlations and ng is the number of lipids
in set S. The binomial distribution can be approximated by a nor-
mal distribution when Mg is sufficiently large. The correspond-
ing p-value is then given by

Mg and success probability &, that is, Bin(Mg, @), where Mg =

ps = P|Bin(Mg,a)> Tg].

S7EP 3. Control FDR across lipid sets. Next, for all lipid sets
under consideration, we calculate their p-values based on Step 1
and Step 2. We perform FDR correction on these p-values and get
the adjusted p-values. Finally, lipid sets whose adjusted pvalues
are smaller than the thresholding level (e.g., 0.1) are declared as
differentially coexpressed sets.

Data and software availability

The lipidomic data have been deposited in the Metabolomics
Workbench Data Repository (www.metabolomicsworkbench.
org). Raw and processed microarray data are available in the Na-
tional Center for Biotechnology Information Gene Expression
Omnibus repository (http://www.ncbi.nlm.nih.gov/geo), acces-
sion number GSE86300 (21).

RESULTS

Diabetes alters the lipidome in a tissue-specific manner

Shotgun lipidomics was used to determine differences
in complex lipids present in plasma, kidney cortex, sciatic
nerve, and retina from db/db type 2 diabetic mice and db/+
normoglycemic littermate controls. Over 500 unique lipid
features were detected in each sample matrix, with 364 lipid
features present in plasma and all three tissues (Fig. 1A).
The number of lipids that were significantly altered (P <
0.01) between control and diabetic mice in each sample
type varied, with 61 (11.7%) in retina, 155 (24.4%) in
kidney, 133 (25.9%) in plasma, and 258 (49.7%) in nerve
(Fig. 1B, supplemental Tables S1-S4). Of the 364 unique
lipid features present in every sample matrix, only 15
were significantly different between control and diabetic
mice in all three complication-prone tissues and only five
were significantly changed in plasma, kidney, nerve, and
retina (Fig. 1B, Table 1). Even in these shared features,
however, the direction of the change with diabetes was of-
ten inconsistent. Only plasma and nerve showed the same
direction of change in diabetes among all five shared fea-
tures (Table 1).
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A Plasma
513 (133)
) = 3,
b‘bq’(bq % )&(76)
Kidney Nerve Retina
635 (155) 519 (258) 521 (61)

Retina

B Plasma
Kidney

Fig. 1. Overlap of differential lipid changes in diabetic mouse
plasma, kidney, nerve, and retina. A: Shotgun lipidomics identified
over 500 lipids in each plasma, kidney cortex, sciatic nerve, and
retina from 24-week-old diabetic versus control mice. Shown are the
number of lipids identified in each tissue and the number (in pa-
rentheses) that differed between control and diabetic conditions.
The numbers of unique features shared between plasma and each
tissue are shown on the connecting line, followed by those (in pa-
rentheses) that were significantly different between control and dia-
betic conditions in both plasma and each tissue. B: Venn diagram of
significantly altered lipid features between control and diabetic
mice in plasma, kidney cortex, sciatic nerve, and retina. P < 0.01
based on a two-sample ttest with FDR correction, n = 10 per group.

The differentially altered lipids in plasma, kidney, nerve,
and retina were widely distributed across the 18 lipid classes
(supplemental Fig. S1). The direction of change in lipid
levels within most classes varied by tissue type (Table 2,
supplemental Table S5). The overall trend was that the ma-
jority of altered lipid features in the diabetic nerve were
increased, while those in the diabetic retina were mostly
decreased. There were a few subtleties. For example, the
direction of change in LPCs in the diabetic nerve and PEs
in the diabetic retina were dependent on acyl-chain length
and, apart from PI, glycerophospholipids with 36 carbons
and four double bonds (36:4) either trended toward an
increase or were significantly increased in the diabetic ret-
ina. In the diabetic kidney, the class-level direction of
change was similar to the diabetic nerve except for the glyc-
erophospholipids, where there was a greater degree of in-
tra-class variance that was largely dependent upon
acyl-chain length (Table 2, supplemental Table S5). The
short- and medium-chain cardiolipins (CLs) were mostly
increased, including the immature CL species (<72:8),



TABLE 1.

Significantly different lipid features in diabetic plasma, kidney, nerve and retina

Plasma Kidney Nerve Retina
Mean Change Mean Change Mean Change Mean Change

Lipid Name P (db/db) P (db/db) P (db/db) P (db/db)
Significant in plasma,

kidney, nerve, and

retina

DAG 34:2 0.0084 1.2625 0.0070 1.2870 <0.0001 1.9351 0.0065 —1.3539

DAG 38:5 0.0089 1.2540 0.0003 1.5501 <0.0001 1.6358 0.0005 —1.5475

LPC 18:1 0.0092  —1.2484 <0.0001 1.6997 <0.0001  —1.6510 0.0001 —-1.6771

PC 36:4 0.0001 1.5937 0.0009 —1.4768 <0.0001 1.8168 0.0004 1.5771

SM 36:2 <0.0001 1.7578 <0.0001 1.7121 <0.0001 1.6427 0.0001 1.6602
Significant in kidney,

nerve and retina

DAG 36:1 0.0334 1.0850 0.0022 1.4065 <0.0001 1.8305 0.0002 —1.6232

DAG 40:5 0.0537 1.0044 0.0029 1.3812 0.0002 1.4952 0.0031 —1.4129

DAG 40:7 0.0133 1.2075 0.0020 1.4147 <0.0001 1.7180 0.0022 —1.4473

DAG 44:12 ND ND 0.0034 1.3650 <0.0001 1.7500 0.0005 —1.5430

LPC 18:2 0.2907 0.6101 <0.0001 1.6473 0.0003 1.4885 0.0065 —1.3511

PC 18:0 0.1757  —0.7546 0.0001 —1.5931 0.0045 1.2603 0.0005 —1.5423

PE 34:2 0.0569 0.9926 0.0033 1.3680 <0.0001 1.7749 0.0005 —1.5451

PE 40:9 ND ND 0.0001 1.6079 <0.0001 1.5950  <0.0001 1.7529

Plasmenyl-PE 36:4  0.4021 —0.4952 <0.0001 1.8557 <0.0001 1.9067 0.0002 1.6183

PS 36:4 ND ND <0.0001 1.6834 <0.0001 1.5901 0.0024 1.4383

Values are given as mean difference in 24-week-old db/db versus db/+. P< 0.01 based on a two-sample ttest with

FDR correction, n = 10 per group. ND, not detected.

while the long-chain CLs were decreased. This pattern of
increased short-chain and decreased long-chain species
was also seen within the LPC, lysoPE, and PA classes. How-
ever, the pattern was reversed within the PC and PE classes,
where the short acyl-chain lipid features were all decreased
and several long-chain lipids were increased.

Plasma may reflect changes in specific subclasses of lipids

To reduce dimensionality due to the high number of lip-
ids identified versus the low sample size, we grouped the
individual lipid features present in plasma and all three tis-
sues by either saturation or acyl-chain length per class and
examined these biologically relevant subclasses across
plasma and each kidney, nerve, or retina in both control

and diabetic animals. As liver lipid composition is arguably
the most likely to reflect plasma composition, we also in-
cluded analysis of lipids in liver tissue to look for broader
trends and insight into whether similarities may be more
systemic. For saturation, each class was split into saturated/
monounsaturated (low) or polyunsaturated (high), while
for chain length we split each lipid class into thirds (supple-
mental Table S6). We performed correlation analysis at the
set level to determine commonly coexpressed lipid sets be-
tween plasma and tissues. We declared sets in plasma and
tissues to be commonly coregulated if the proposed test
described in the Materials and Methods failed to reject the
null hypothesis at a FDR of 0.1 (supplemental Fig. S2). Not
surprisingly, liver tissue most closely reflected plasma lipid

TABLE 2. Lipid changes by class in diabetic plasma, kidney, nerve, and retina
Plasma Kidney Nerve Retina
Lipid Class Increase Decrease Increase Decrease Increase Decrease Increase Decrease
CE 71% (1) 71% (1) 9.1% (1) 0% (0) 0% (0) 0% (0) 0% (0) 0% (0)
CerP 0% (0) 16.7% (1) 0% (0) 0% (0) 0% (0) 0% (0) 0% (0) 0% (0)
CL 12.7% (7) 3.6% (2) 17.2% (15) 11.5% (10) 10.7% (3) 0% (0) 0% (0) 71% (2)
DAG 20.0% (7) 0% (0) 25.0% (14) 1.8% (1) 66.7% (32) 0% (0) 0% (0) 29.2% (14)
FFA ND ND ND ND 56.3% (9) 6.3% (1) 0% (0) 37.5% (6)
LPC 4.3% (1) 60.9% (14) 13.0% (3) 13.0% (3) 33.3% (8) 20.8% (5) 0% (0) 39.1% (9)
LysoPE 11.8% (2) 11.8% (2) 5.9% (1) 11.8% (2) 0% (0) 30.0% (6) 0% (0) 5.0% (1)
MAG 18.2% (2) 0% (0) 20.0% (2) 0% (0) 0% (0) 0% (0) 25.0% (1) 0% (0)
PA 0% (0) 6.3% (1) 23.8% (5) 9.5% (2) 20.0% (4) 0% (0) 0% (0) 0% (0)
PC 6.2% (5) 34.6% (28) 7.0% (7) 24.0% (24) 46.2% (36) 1.3% (1) 2.6% (2) 2.6% (2)
PE 16.3% (7) 7.0% (3) 12.3% (8) 15.4% (10) 66.7% (34) 0% (0) 5.9% (3) 7.8% (4)
PG 0% (0) 0% (0) 2.9% (1) 22.9% (8) 29.6% (8) 3.7% (1) 0% (0) 10.0% (3)
PI 6.7% (1) 20.0% (3) 6.7% (1) 20.0% (3) 20.0% (3) 6.7% (1) 0% (0) 0% (0)
Plasmenyl-PC 11.1% (2) 33.3% (6) 22.2% (2) 0% (0) 0% (0) 0% (0) 0% (0) 0% (0)
Plasmenyl-PE 28.0% (7) 24.0% (6) 25.9% (7) 11.1% (3) 44.8% (13) 6.9% (2) 3.2% (1) 19.4% (6)
PS 0% (0) 0% (0) 26.3% (5) 0% (0) 51.4% (19) 0% (0) 2.9% (1) 8.8% (3)
SM 36.0% (9) 12.0% (3) 34.6% (9) 3.8% (1) 47.8% (11) 0% (0) 9.1% (2) 4.5% (1)
TAG 5.6% (6) 5.6% (6) 6.7% (7) 0% (0) 71.1% (59) 2.4% (2) 0% (0) 0% (0)

Percent and total number (in parentheses) of members of lipid classes that were significantly different in 24-week-old db/db compared with db/+
mice. P< 0.01 based on a two-sample #test with FDR correction, n = 10 per group. CerP, ceramide-1-phosphate; ND, not determined. Trends are

summarized in supplemental Table S5.
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composition (Table 3). Interestingly, this was much more
pronounced in nondiabetic control mice than in mice with
diabetes. Furthermore, the majority of lipid subclasses that
were similarly coregulated between diabetic plasma and
diabetic liver tissue were also similar between control
plasma and control liver tissue. This association was not as
pronounced between plasma and the other tissues (kidney,
nerve, and retina), where there were fewer similarities
across the control and diabetic conditions for each plasma/
tissue comparison. This was particularly true between
plasma and kidney, as only one chain-length lipid subclass
and two saturation lipid subclasses were commonly regu-
lated in both control and diabetic conditions (Table 3;
supplemental Tables S7, S8). Although a slightly greater
number of lipid subclasses overall were commonly coregu-
lated in the control tissues than the diabetic tissues, the
saturated/monounsaturated CEs were the only commonly
coregulated subclass between diabetic plasma and each di-
abetic kidney, nerve, and retina, but not between control
plasma and control tissues.

Organization of dysregulated lipid metabolism is tissue
specific

To examine how lipid levels were associated within and
across classes, we performed correlation analyses in control
and diabetic plasma, kidney, nerve, and retina using the
364 lipid features identified in all samples (P< 0.1; supple-
mental Fig. S3). Of the 66,066 possible combinations, no
lipid-to-lipid correlations were significantly different in each
diabetic sample matrix (plasma, kidney, nerve, and retina)
that were not present in the control samples, revealing that
there was not an underlying lipid-to-lipid signature in the
diabetic milieu. When considering the three tissues with-
out plasma, there were two intra-class correlations between
lipid species that were significantly different in diabetic tis-
sues, but not in control tissues (supplemental Table S9).

Lipids in plasma and kidney displayed much more cor-
relation than did nerve and retina. Plasma had the highest
degree of significant lipid correlations from the control
mice (supplemental Fig. S3A). While there were similari-
ties between control and diabetic plasma, there were also
large intra- and inter-class differences, such as within the
CL and the TAG classes (supplemental Fig. S4). Of the tis-
sues examined, the diabetic kidney had the largest number
of significantly correlated lipids (supplemental Fig. S3B).
The pattern was vastly different than in the control kidney,
with many intra- and inter-class correlations, and there was
a relatively equal mix of lipids that were positively and neg-
atively correlated in the diabetic kidney. There were few
significant correlations seen in the nerve (supplemental
Fig. S3C), even though the nerve had the largest number
of differentially expressed lipid features (49.7%). The pri-
mary discernable pattern in the diabetic nerve was an intra-
class association within TAGs, particularly the short-chain
to short-chain and the medium-chain to medium-chain
lengths (supplemental Fig. S5). The diabetic retina had
several intra- and inter-class significant lipid correlations
and the vast majority of these were positively correlated,
suggesting an overall change in lipogenesis or tissue uptake
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Commonly coregulated lipid subclasses between plasma and tissues

TABLE 3.

Acyl-Chain Length (Plasma vs. Tissue)

Saturation (Plasma vs. Tissue)

Diabetic

Control

Diabetic

Control

Tissue

CE low, LPE low, PA low, PG low, SM high LPC bottom, LPE mid, PA mid, PA top, LPE top, PA bottom, PI top, PIPE

DAG low, LPE low, PA low, PA high,

Kidney

PC low
CL high, DAG low, LPE low, LPE high,

bottom, SM bottom, SM mid
LPC bottom, LPE bottom, LPE mid,

PI top
CL mid, LPC bottom, LPC mid, LPE bottom,

CE low, LPC low, LPE low, PA low, PA high,

Nerve

LPE top, PA bottom, PA mid, PA top,

PI top
LPC bottom, LPE bottom, LPE mid,

LPE mid, LPE top, PA mid, PA top,

PE bottom, PG mid, SM bottom
CE mid, LPE top, PA bottom, PA mid, PA top,

PG low, PIPE high

PA high

CE low, LPE high, PA high, PG low

CE high, PA high, PG low, PG high,

Retina

PIPE low
CE low, CE high, DAG low, LPC low,

LPE top, PA mid, PA top
LPC bottom, PA top, PI top

PG bottom, PG mid, SM bottom, SM mid
CE mid, DAG bottom, DAG top, LPC bottom,

LPE bottom, LPE mid, LPE top, PA mid, PA top,

PG bottom, PG mid, PI top, PIPE bottom

CE low, LPE low, PA low, PA high, PG low

LPE low, LPE high, PG low, PG high,

PIPE low, SM low

Liver

Commonly coregulated lipid subclasses between plasma and each tissue in 24-week-old db/+ and db/db mice. For saturation, each class was separated into low (unsaturated/monounsaturated) and

10 pergroup. PIPE, plasmenyl-phosphatidylethanolamine.

high (polyunsaturated).Foracyl-chainlength, each classwas divided into thirds (bottom, mid, top). P<0.1 using correlation analysisat the setlevel,n

Data are also presented in supplemental Tables S7 and S8.



(supplemental Fig. S3D). Regardless, in plasma, kidney,
nerve, and retina, more lipids were significantly correlated
in the diabetic tissues than in the nondiabetic tissues. This
was particularly pronounced in the diabetic kidney, where
there was much more organization across classes.

Integration of lipid correlation data with transcriptomic
data

One dilemma faced when trying to integrate lipidomic
data with other -omics datasets is that lipids are not direct
products of single enzymes that are subject to control by
gene expression regulation. Lipids can be synthesized from
acetyl-CoA in the cytoplasm, followed by elongation and
desaturation to generate chain diversity. Further enzymatic
modifications generate class diversity, with lipids ultimately
being synthesized de novo or through interconversion be-
tween classes. To examine the feasibility of using the cor-
relation matrices as an integration point with transcriptomic
data, we focused on the diabetic kidney because there were
significantly correlated lipid features in the diabetic kidney
and because high complexity transcriptomic data have
been generated from kidney tissue from the same diabetic
model. We examined the kidney correlation matrix (sup-
plemental Fig. S3B) in parallel with a focused lipid-centric
list of 283 transcripts from our microarray data (GSE86300)
(21) to validate patterns of lipid levels. Correlation analysis
of the kidney lipidomic data identified an inverse relation-
ship between the PA and the DAG classes, with apparent
specificity for the PA, as several DAG species were nega-
tively correlated with PA 38:6 or PA 36:4 (Fig. 2A). Tran-
scriptomic analysis supported this, as mRNA levels of four
DAG kinase (Dgk) isoforms were decreased and expression
of two PA phosphatase (Ppap2) isoforms were increased
(Table 4). This expression pattern would suggest a conver-
sion of PA to DAG. Another pattern identified in the cor-
relation analysis was a strongly correlated network between
PC and LPC levels in the diabetic kidney (Fig. 2B). PCis a
major membrane lipid that serves as a precursor for lipid
mediators, such as LPC following hydrolysis by phos-
pholipase Ay (PLAy) (36). In concert with PLAy, lysophos-
pholipid acyltransferases facilitate remodeling of the
glycerophospholipid acyl-chains (37). Transcriptomic
analysis revealed that several PLA, and lysophospholipid
acyltransferase mRNAs were significantly altered in the dia-
betic kidney, confirming mRNA expression level changes
that affect glycerophospholipid remodeling (Table 4).

DISCUSSION

Most lipid profiling studies describe overall changes in
individual lipid species levels without providing a deeper
understanding of the biological pathways resulting in these
changes. Although acetyl-CoA is the primary building
block for all lipids, lipids undergo fatty acyl-chain remodel-
ing and multi-step transformations between major lipid
classes (1, 38). While simulations have been used with MS
data for specific lipid classes to better understand lipid met-
abolic pathways (1, 39), a relatively quick and comprehen-
sible method is needed to provide insight into the complex

changes in lipid metabolism. Here, we describe an approach
using correlation analysis to combine transcriptomic and
lipidomic data. Lipid levels are more closely related to the
biological state of a tissue, so we used a lipid-centric ap-
proach by examining lipid-lipid interactions through cor-
relation analysis. We then limited our transcriptomic input
to buffer unrelated inputs and biological noise (40, 41).
This approach has the ability to identify underlying mecha-
nisms resulting in the altered lipid profiles in disease states
such as DKD. Combining this approach with the traditional
method of analyzing individual lipid levels independently
of one another revealed that, similar to glucose and fatty
acid oxidation (21), complex lipid metabolism is differen-
tially regulated in the diabetic kidney, nerve, and retina.

There was an overall directional change in lipid levels in
the diabetic nerve and retina, with an increase in the dia-
betic nerve and a decrease in the diabetic retina. In the
diabetic nerve, we previously found decreased levels of
acylcarnitines and acyl-CoAs (21), possibly contributing to
the increase in FFAs. Furthermore, metabolic flux analysis
identified lipid oxidation to be shunted away from the TCA
cycle after citrate in the diabetic nerve (21). Citrate can be
exported to the cytosol and metabolized into acetyl-CoA
for lipogenesis. Therefore, it is likely that oxidized FFAs in
the diabetic nerve are ultimately used for lipid synthesis via
citrate. As a neural tissue, the retina is thought to be obli-
gated to glucose metabolism, but the expression of pro-
teins involved in lipid transport and (3-oxidation have been
identified in human and rodent retinas (42-45) and the
retina has recently been shown to be capable of oxidizing
palmitate (21, 46). Thus, lowering of retinal lipids in diabe-
tes could be due to either decreased transport or increased
oxidation. In VLDIL-knockout mice, limiting FFA uptake
into the retina resulted in stabilization of hypoxia-inducible
factor (HIF-1a) and overexpression of vascular endothelial
growth factor, resulting in angiogenesis (46). Furthermore,
diminished lipid levels in the diabetic retina have been
linked to retinal neuronal cell apoptosis (47). Collectively,
these studies suggest a decrease in retinal tissue lipid levels
or FFA uptake could contribute to the development of pro-
liferative DR and should be an area of future study.

In the diabetic kidney, glycerolipids and plasmalogens
were mostly increased, while levels of most glycerophos-
pholipid features varied depending on chain length, sug-
gesting that glycerophospholipid remodeling may be an
important feature of early DKD. Of particular interest was
the increase of immature CLs in diabetic kidneys. CLs are
primarily found in the inner mitochondrial membrane
and the presence of immature CLs has been linked with
impaired mitochondrial function and bioenergetics (48, 49),
connecting mitochondrial structural abnormalities to re-
spiratory defects and the Warburg effect in brain tumors
(50). In our previous report, we identified the association
between mitochondrial electron transport chain defects
with increased glycolysis, lactate formation, and pyruvate
oxidation in diabetic kidneys (21). Further studies are
needed to determine whether there is a functional link be-
tween immature CL species and decreased electron trans-
port chain function and altered glucose metabolism.
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Class-specific correlation analysis in the control and diabetic mouse kidneys for integration with transcriptomic data. Zoom-in views

of correlations between PA and DAG lipid classes (A) and PC and LPC lipid classes (B) in kidney cortex from 24-week-old control and dia-
betic mice. Significant correlations are shown as positive (red) or negative (blue). P< 0.1 using Pearson’s correlation with Fisher’s transfor-
mation and FDR correction, n = 10 per group. Corresponds to supplemental Fig. S3B.

Although complex lipid metabolism in the diabetic kid-
ney, nerve, and retina was tissue-specific, there were some
common characteristics. Altered levels of DAG lipid fea-
tures were relatively enriched in each tissue, and DAGs
comprised 6 of the 15 shared lipid features significantly
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altered in each of the tissues. The DAG-protein kinase C
pathway has been implicated in diabetic complications, as
activation of protein kinase C is hypothesized to be a key
modulator through which a variety of effectors enhance
complications (51, 52). Another shared feature between



TABLE 4. Mouse kidney cortex mRNA expression of genes involved in lipid metabolism

Enzyme Class Enzyme Subclass Gene Identification Log2 Fold Change Q Value
DAG kinase (DAG to PA) N/A Dgka 0.06 NS
Dgkb —0.48 <0.01
Dgkd N/A
Dgke —0.06 NS
Dgkg —0.22 NS
Dgkh -0.79 0.02
Dgki —0.18 NS
Dghkk N/A
Dgkq —0.42 0.03
Dgkz —0.31 <0.01
PA phosphatase (PA to DAG) N/A Ppap2a 0.25 <0.01
Ppap2b 0.19 0.03
Ppap2c 0.13 NS
PLA, cPLA, Pla2gta 0.81 0.04
Pla2g4b 0.2 NS
Pla2gdc —0.34 0.01
Pla2g4d N/A
Pla2g4e N/A
Pla2g4f N/A
sPLA, Pla2glb —0.04 NS
Pla2g10 N/A
Pla2gl2a 0.16 NS
Pla2g12b —0.32 NS
Pla2g2a N/A
Pla2g2d N/A
Pla2g2e 0.29 0.03
Pla2g2f 0.05 NS
Pla2g3 N/A
Pla2g5 0.59 <0.01
iPLA2 Pla2g6 —0.58 <0.01
PAFAH Pla2g7 2.80 0.03
Pafahlbl —0.13 NS
Pafahlb2 —0.03 NS
Pafahlb3 0.50 0.03
Lysophospholipid acyltransferases AGPAT Gpatl —0.29 NS
Gpat2 —0.25 NS
Gpat3 0.66 <0.01
Gpat4 (Agpat 6) —0.20 NS
Lpaatl —0.27 0.03
Lpaat2 (Agpat2) N/A
Lpgatl —0.61 <0.01
Lelatl 0.03 NS
Lpcat2 1.75 NS
Lpeat2 0.23 NS
MBOAT Lpcat3 (Mboat5) —0.15 <0.01
Lpcat4 (Mboat2) 0.53 0.10
Lpeatl (Mboatl) 1.06 0.02
Lpiatl (Mboat7) —0.16 0.05

Log?2 fold change is in 24-week-old db/db versus db/+ mice. Q < 0.05 (bold) based on a two-sample #test, n =5
per group. AGPAT = l-acylglycerol-3-phosphate (racyltransferase, MBOAT = membrane-bound O-acyltransferase,

PAFAH = platelet-activating factor acetylhydrolase, cPLA,

= cytosolic PLAy, iPLAy = calcium-independent PLA,,

sPLA, = secreted PLAy, N/A = not on the array or below signal threshold.

the tissues is the potential importance of the inflammatory
mediator, arachidonic acid (AA). While our LC/MS analy-
sis did not positively identify the individual acyl-chain com-
position in each lipid feature, lipids of the 36:4 composition
were frequently increased in each of the tissues, including
3 of the 15 shared altered lipid features. These 36:4 lipids
most likely include linoleic acid (18:2 + 18:2) and/or pal-
mitic acid (16:0) and AA (20:4). AA can be converted from
linoleic acid by Fadsl, Elovl2 or Elovl5, and Fads2, hydro-
lyzed from a glycerophospholipid by PLA, or hydrolyzed
from phospholipid-derived DAG by phospholipase C and
DAG lipase (53). In db/db kidney cortex (GSE86300) (21)
and sciatic nerve (GSE27382) (54), mRNA levels of several
secreted PLAy enzymes were increased along with several
phospholipase C isoforms. Also, mRNA levels of enzymes

involved in the conversion from linoleic acid were also
significantly altered in both kidney and nerve, albeitin a
bi-directional manner. Interestingly, the mRNA levels of
Prigsl, Ptgs2, and Alox5, responsible for metabolism of AA
to prostaglandins and leukotrienes, were increased in the
diabetic kidney, while Alox15 and Alox8, for metabolism of
AA to 15-, 12-, or (15S)-hydroperoxyeicosatetraenoic acid,
were significantly decreased.

Several studies have found DKD, DPN, and potentially
DR onset and progression to correlate with plasma lipid
levels (13, 14, 16-19). Our findings suggest that certain
subclasses of lipids in diabetic plasma may be useful as bio-
markers for diabetic tissue lipid metabolism. Although
plasma reflects systemic lipid metabolism, there were sev-
eral lipid subclasses similarly regulated (co-“expressed”)

Lipidomics and diabetic complications 181



between plasma and kidney, nerve, and/or retina that were
not similarly regulated between plasma and liver tissue. As
there was a lower degree of shared commonly coregulated
lipid subclasses between plasma and each kidney, nerve,
and retina, respectively, between the control and diabetic
states, it suggests that diabetes uniquely alters the plasma/
tissue lipid relationship for the kidney, nerve, and retina.
Exactly how plasma lipid levels relate to tissue lipid metabo-
lism needs to be further defined.

Our approach had several limitations including a rela-
tively small sample size and confounding tissue heteroge-
neity, which could mask important changes in specific cell
types. Additionally, in a recent study, James and colleagues
(55) reported targeted metabolomics of 165 metabolites
(organic acids, amino acids, and lipids including acylcarni-
tines, acyl-CoAs, and ceramides) on skeletal muscle from
three different inbred mouse strains that were fed two dif-
ferent diets. Using random forest, the authors determined
a metabolic signature of insulin resistance, regardless of
strain or diet. This work highlighted that there is a signifi-
cant amount of metabolic diversity between the strains,
diets, and individual animals. While our study included a
pathophysiologically relevant model of diabetic complica-
tions, it was restricted to only one mouse strain and the
lipid metabolic response to diabetes could be different be-
tween strains. Finally, no MS platform is capable of detect-
ing every lipid metabolite, limiting analysis to only those
detected and excluding analysis of others that may play
an important role, such as sphingosine-1-phosphate. Al-
though we do not compare correlation networks with tran-
scriptomic data for all three tissues, we illustrate the
potential of this approach using data from diabetic and
control kidney cortex as a proof of principle. Correlation
analysis is not a new technique, but the simplicity of em-
ploying a widely-used and understood method to allow for
network analysis is the primary strength of the study. Using
this approach, we observed PA specificity in the conver-
sion of PA to DAG, generating a future testable hypothesis
regarding enzyme isoforms on lipid acyl-chain preference.
Correlation analysis is already built in to freely available
analytical pipelines for lipidomic data analysis, such as
MetaboAnalyst (www.metaboanalyst.ca) (56, 57), which
also provides an integrated pathway mapping feature.
Therefore, this approach could provide a userfriendly
method to integrate lipidomic data with other -omics data-
sets. Although LC/MS analysis cannot positively identify
individual acyl-chain composition, combining this analysis
with other approaches can help impute such changes
computationally. This combinatorial approach may iden-
tify mechanistic and potentially pathogenic mechanisms
to explore, such as the enrichment of AA (20:4) or lipo-
kines such as palmitoleate (16:1) (58). These approaches
will enhance our understanding of the pathophysiology of
lipid metabolic pathways in disease. Bl
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