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ARTICLE INFO ABSTRACT

Keywords: Background: Diabetic kidney disease (DKD) is the leading cause of end-stage renal disease, affecting over 30 % of
D%abetes kidn_ey disease diabetes mellitus (DM) patients. Early detection of DKD in DM patients can enable timely preventive therapies,
Diabetes mellitus and potentially delay disease progression. Since the kidney relies on fatty acid oxidation for energy, dysregulated
;(’; ﬁz:{l:: lipid metabolism has been implicated in proximal tubular cell damage and DKD pathogenesis. This study aimed

to identify lipid alterations during DKD development and potential biomarkers differentiating DKD from DM.
Methods: lipidomics analysis was performed on serum collected from 55 patients with DM, 21 with early DKD
stage and 32 with advanced DKD, and 22 healthy subjects. Associations between lipids and DKD risk were
evaluated by logistic regression.

Results: Lipid profiling revealed elevated levels of certain lysophosphatidylethanolamines (LPEs), phosphati-
dylethanolamines (PEs), ceramides (Cers), and diacylglycerols (DAGs) in the DM-DKD transition, while most
LPEs, lysophosphatidylcholines (LPCs), along with several monoacylglycerol (MAG) and triacylglycerols (TAGs),
increased further from DKD-E to DKD-A. Logistic regression indicated positive associations between LPCs, LPEs,
PEs, and DAGs with DKD risk, with most LPEs correlating significantly with urinary albumin-to-creatinine ratio
(UACR) and inversely with estimated glomerular filtration rate (eGFR). A machine-learning-derived biomarker
panel, Lipid9, consisting of LPC(18:2), LPC(20:5), LPE (16:0), LPE (18:0), LPE (18:1), LPE (24:0), PE (34:1), PE
(34:2), and PE (36:2), accurately distinguished DKD (AUC: 0.78, 95 % CI 0.68-0.86) from DM. Incorporating two
clinical indexes, serum creatinine and blood urea nitrogen, the Lipid9-SCB model further improved DKD
detection (AUC: 0.83, 95 % CI 0.75-0.90) from DM, and was notably more sensitive for identifying DKD-E (AUC:
0.79, 95 % CI 0.67-0.91).

Lysophosphatidylethanolamines

Abbreviations: Aclycar, Aclycarnitine; ALT, Alanine aminotransferase; AST, Aspartate transaminase; AMPK, AMP-activated protein kinase; AUC, Area under ROC
curve; BUN, Blood urea nitrogen; Cer, Ceramide; CE, Cholesterol ester; CI, Confidence interval; CKD-EPI, Chronic Kidney Disease Epidemiology Collaboration; Ctrl,
Control; CVD, Cardiovascular disease; DM, Diabetes mellitus; DAG, Diacylglycerol; DKD, Diabetic kidney disease; DKD-A, Advanced stage of DKD; DKD-E, Early stage
of DKD; eGFR, Estimated glomerular filtration rate; ESRD, End-stage renal disease; FFA, Free fatty acid; HbAlc, Glycosylated hemoglobin, type Alc; HDL-C, High-
density lipoprotein cholesterol; LacCer, Lactosylceramide; LASSO, Least absolute shrinkage and selection operator; LDL-C, Low-density lipoprotein cholesterol; LPA,
Lysophosphatidic acid; LPC, Lysophosphatidylcholine; LPE, Lysophosphatidylethanolamine; MAG, Monoacylglycerol; OR, Odds ratio; PA, Phosphatidic acid; PC,
Phosphatidylcholine; PE, Phosphatidylethanolamine; PKC, Protein kinase C; PLA2, Phospholipase A2; PLS-DA, Partial least squares-discriminant analysis; PP2A,
Protein phosphatase 2A; PS, Phosphatidylserine; PI, Phosphatidylinositol; PG, Phosphatidylglycerol; Q-TOF mass spectrometer, Quadrupole time-of-flight mass
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Conclusion: This study deciphers the lipid signature in DKD progression, and suggests the Lipid9-SCB panel as a
promising tool for early DKD detection in DM patients.

1. Introduction

Diabetes mellitus (DM) is a metabolic disease characterized by hy-
perglycemia that is spreading globally [1], with approximately 10.5 %
of adults aged 20-79 years suffering from DM, which is expected to
increase to 12.2 % by 2045 [2]. This surge poses a profound threat to
public health. Among the myriad complications associated with DM,
diabetic kidney disease (DKD) emerges as the most prevalent micro-
vascular complication, impacting over 30 % of individuals afflicted with
DM [3]. DKD has become the leading cause of end-stage renal disease
(ESRD), significantly heightening the risk of cardiovascular disease
(CVD) mortality of CVD mortality [4,5]. Early detection of DKD may
enable early initiation of appropriate preventive therapy that can delay
or even halt disease progression. However, the progression of DM to
DKD, and ultimately to ESRD, is often considered inevitable, even in
case where glycemic control is achieved. Despite advancements in
managing blood glucose levels, the effectiveness of therapies aimed at
mitigating the progression from DM to DKD and ESRD remains limited,
primarily due to the challenges associated with the early detection of
DKD.

DKD is characterized by dysfunction of the glomerular filtration
barrier and a decline in renal function, manifesting as persistent eleva-
tion of urinary albumin and progressive reduction in estimated
glomerular filtration rate (eGFR), respectively [6]. In clinical practice,
microalbuminuria and eGFR serve as pivotal indicators for the early
detection and monitoring of DKD progression. However, the trend of
renal impairment in DKD patients does not always align with the in-
crease in proteinuria, particularly in early-stage DKD [7]. Notably, the
prevalence of DKD patients with an eGFR <60 mL/min/1.73 m? but
without proteinuria has steadily increased over the past 30 years [8].
Alarmingly, during this period, the annual mortality rate of these pa-
tients increased from 3.5 % to 5.1 % [9]. In addition, studies have shown
that some DKD patients, with or without intervention, revert to baseline
microalbuminuria levels, without developing macroalbuminuria [10,
11]. A meta-analysis further suggested that nearly half of DKD diagnoses
by physicians are inaccurate when based solely on basic clinical infor-
mation such as proteinuria and eGFR. Hence, there is an urgent need to
identify more precise diagnostic biomarkers that can effectively discern
the progression from DM to DKD, especially for the early stage of DKD.

Lipids are essential molecules vital for the sustenance of living or-
ganisms, with lipid metabolites functioning as signaling molecules that
regulate various pathways [12]. Kidney epithelial cells have high energy
demands, largely met through fatty acid oxidation [13]. In recent years,
abnormal lipid metabolism has garnered increasing attention as pivotal
contributor to proximal tubular cell damage and DKD pathology. Pre-
vious research suggests that impaired cholesterol metabolism, enhanced
lipid uptake or synthesis, and dysregulated fatty acid oxidation, collec-
tively contribute to lipid droplet accumulation, reactive oxygen species
generation, mitochondrial damage, and the progression of DKD [14,15].
It has been reported that sphingomyelin (SM) and phosphatidylcholine
(PC) tend to increase with the progression of DKD and are associated
with renal impairment and all-cause mortality [16]. Furthermore,
lysophosphatidylethanolamine (LPE), phosphatidylethanolamine (PE),
and triacylglycerol (TAG) levels have been found to be significantly
elevated in DKD serum samples and closely correlated with DKD staging
[17]. A better understanding of these metabolic processes could unlock
novel therapeutic strategies targeting lipid metabolism in kidney dis-
eases. Despite the established associations between abnormal lipids with
DKD, significant research gaps remain in elucidating the specific lipid
remodeling patterns during the onset of DKD and identifying the lipid

species involved in its progression across different stages.

To address this, we performed a mass spectrometry-based serum
untargeted lipidomics from a cross-sectional cohort that included pa-
tients diagnosed with DM and early/advanced stage of DKD (DKD-E/A),
as well as control individuals (Fig. 1). The serum lipidome analysis
revealed distinct lipid profiles marking the onset of DKD compared to
DM, characterized by elevated levels of LPEs, PEs, LPCs, ceramides
(Cers), and diacylglycerols (DAGs). Additionally, LPEs, lysophosphati-
dylcholines (LPCs), monoacylglycerols (MAGs) and TAGs levels were
further elevated from DKD-E to DKD-A. Among these lipids, most LPEs
exhibited a strong positive correlation with urinary albumin-to-
creatinine ratio (UACR) and an inverse correlation with eGFR, two
key indicators of renal function. To identify potential lipid biomarkers,
we employed machine learning algorithms and developed a panel
termed Lipid9-SCB. This panel comprises nine lipid species primarily
from the LPE, PE, LPC, and DAG classes, combined with two clinical
indices of kidney function: serum creatinine (SCr) and blood urea ni-
trogen (BUN). The Lipid9-SCB panel effectively distinguished DKD from
DM population and differentiating DKD stages, and its diagnostic ac-
curacy surpassed that of eGFR in detecting DKD, particularly in DKD-E.
Our findings of a distinct lipid fingerprint at the early stage of DKD,
coupled with their associations with makers of disease severity, suggest
that these lipids may play a role in kidney dysfunction during the early
development of DKD. Therefore, the Lipid9-SCR panel holds promise as
a valuable tool for the early detection of DKD.

2. Materials and methods
2.1. Participants’ characteristics

In this study, serum samples from patients hospitalized at Longhua
Hospital of Shanghai University of Traditional Chinese Medicine be-
tween September 2022 and May 2023 were collected for subsequent
lipid metabolomics studies. After obtaining individual informed con-
sent, 130 patients were enrolled in the study, including 55 patients with
DM, 21 patients with DKD-E, 32 patients with DKD-A, and 22 control
populations (Ctrl). The DKD-E was defined as diabetes with CKD stage
A2, G1/2, namely UACR between 30 and 300 mg/g and eGFR >60 mL/
min/1.73 m?, whereas DKD-A was defined as diabetes with CKD stage
A3 or G3/4/5, namely UACR >300 mg/g or eGFR <60 mL/min/1.73
m?, respectively [18-20], where eGFR was calculated according to the
Chronic Kidney Disease-Epidemiology Collaboration (CKD-EPI) equa-
tion [21,22]. The control group was derived from the inpatient medical
examination population. All these individuals or their legal represen-
tatives as well as the ethics committees of the participating hospitals
gave their consent for the histological study of the biobank materials.
The study was approved by the Ethics Committee of Longhua Hospital,
Shanghai University of Traditional Chinese Medicine (2021LCSY128).
All participants signed a consent form allowing the use of their serum
samples for lipidomics studies.

2.2. Lipidomics analysis

The serum lipidome was analyzed using a high-coverage lipidomic
approach as described previously [14]. Lipids were extracted from
serum using a methanol/water/chloroform mixture. The organic phases
were evaporated to dryness under vacuum. Lipidomics analysis was
performed using an I-Class UPLC coupled to a Q-TOF mass spectrometer
(Waters Corp., Milford, MA, USA). Firstly, the organic extracts were first
reconstituted in chloromethane: methanol (1:1, v/v) solution, and
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secondly diluted with isopropanol: acetonitrile: water (2:1:1, v/v/v)
solution. The samples were then subjected to gradient elution on a CSH
column (Waters UPLC CSH 2.1 x 100 mm, i.d. 1.7 pm, Waters Corp.)
under positive and negative ionization modes, respectively.

The Q-TOF mass spectrometer was operated with a mass resolution
of 22,000 and a scanning range of m/z 50—1500. The untargeted lip-
idomics data were processed using the Progenesis QI software (version
3.0, Waters Corp., Milford, MA, USA), and the final output of the
“feature” table was exported to SIMCA (Sartorius, version 16.0) software
for multivariate analysis. LipidMaps, LipidBlast, METLIN, and HMDB
databases were applied for lipid identification. Finally, R v4.0.4 and
Rstudio v1.3.1056 softwares were utilized along with heatmap packages
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such as ggplot2, ggpubr, and complexHeatmap to present the data.

2.3. Statistical analysis

All data were presented as mean + SEM. The Student’s t-test was
used for analysis of two groups, and one-way ANOVA followed by
Tukey’s post hoc correction was used for analysis of multiple groups. p
< 0.05 was considered to be significant. Simple associations were tested
by Pearson correlation analysis. PLS-DA was performed to examine the
lipidomes differences between the Ctrl, DM, DKD-E and DKD-A groups
using the R package ropls (1.36.0). We identified the most common
profiles (clusters) during progression of DM to different stages of DKD

Untargeted lipidomics analysis in DKD cohort
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Fig. 1. A framework for identifying lipid alteration during DM progression to DKD and potential biomarker for the early detection of DKD.
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using the R package mFuzz (2.64.0). Logistic regression was used to
examine the association of each lipid class or lipid species with the risk
of DKD versus DM; odds ratios and 95 % CIs were expressed for one SD
change in each explanatory variable.

We applied multiple methods of machine learning [23], including
least absolute shrinkage and selection operator (LASSO) regression
method [24], support vector machine-recursive feature elimination
(SVM-RFE) [25], and random forest (RF) [26], using the R packages
glmnet (4.1.8), caret (6.0.94), and randomForest (4.7.1.2), respectively,
to identify the most predictive biomarkers. For the LASSO analysis, we
chose the optimal value of the debugging parameter A to maximize the
percentage of correctly identified diseases/controls and performed
10-fold cross-validation. RF is based on multiple decision trees, so it has
the advantage of reducing the likelihood of overfitting, thus helping us
to rank predict the most important variables. SVM uses a linear
boundary called hyperplane to divide the data into groups of similar
elements and is considered as a robust method. We perform feature se-
lection based on SVM algorithm and calculate the correctness rate by
10-fold cross validation. Receiver operating characteristic curve (ROC)
analysis evaluates the discriminative ability of the model. The overall
diagnostic performance of the model was assessed by the area under
ROC curve (AUCQ). Statistical analyses were run using R software (4.4.1).

3. Results
3.1. Characteristics of the study cohort

The study cohort comprised the following groups: the DM group (n
= 55), the DKD-E group (n = 21), the DKD-A group (n = 32), and the Ctrl
groups (n = 22). The cohort included 59 males and 71 females, aged
25-82 years, with body mass indices ranging from 17.0 to 43.2. Baseline
clinical and laboratory data are summarized in Table 1. The levels of
glycosylated hemoglobin, specifically type A1C (HbAlc), were markedly
elevated in both the DM (7.5 %) and DKD (7.4 %) groups compared to
the control group (5.6 %). However, there was no significant difference
in HbAlc levels between the DM and DKD groups. SCr levels were
highest in the DKD group, particularly in the DKD-A group, which is a
major determinant of eGFR. The mean eGFR for DKD-A patients was
64.8 mL/min/1.73 m?, significantly lower than that for DKD-E patients
(93.9 mL/min/1.73 m?). This suggests that kidney damage was more
severe in DKD-A patients than that in the DKD-E group. In addition,
UACR, another indicator of renal function decline, was significantly
higher in both DKD-E (103.0 + 70.2 mg/g) and DKD-A (937.8 + 1048.0
mg/g) compared to the DM (9.6 + 6.1 mg/g) and control (5.8 + 2.9 mg/
g) groups. BUN levels did not differ significantly among the control, DM,
and DKD-E groups, but showed a significant increase in the DKD-A group
compared to the control and DM groups as the disease progressed.
Finally, in terms of blood lipid, TAG levels were significantly higher in
DKD-A patients compared to DM patients, while other lipid levels,
including total cholesterol (TC), high-density lipoprotein (HDL), and
low-density lipoprotein (LDL) did not differ significantly across the four
groups. Similarly, liver function markers, such as alanine aminotrans-
ferase (ALT) and aspartate aminotransferase (AST), were not signifi-
cantly different between groups.

3.2. Serum lipid abnormalities unique to the transition from DM to DKD

To identify and differentiate the lipid levels in the serum of each
group, we performed an untargeted lipidomic analysis. For lipid anno-
tation, we matched the m/z values in the MS1 spectrum of the 419
features extracted using Progenesis QI with total ion normalization, and
confirmed the presence of the characteristic product ions of different
lipid classes in the function-2 spectrum acquired in MSEF mode by
comparing with public and in-house databases. A total of 192 lipid
species across 18 lipid classes, with a relative standard deviation of less
than 30 % for relative abundance among quality control samples were
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Table 1
Baseline characteristics of study population stratified by groups.
Parameters Ctrl DM DKD-E DKD-A
No. of subjects 22 55 21 32
Male, n (%) 12 (54.5) 25 (45.5) 8 (38.1) 14 (43.8)
Age, years 59.0 + 64.9 + 64.3 + 9.5* 67.0 + 13.8*
5.0 8.9%*
BMI, kg/m2 23.7 £ 24.8 £ 25.8 + 3.2* 24.4 +£ 3.3
2.8 3.9
Laboratory data
Serum HbAlc 5.6 £ 0.4 7.5+ 7.0 + 0.9%** 7.6 £ 1.3%%*
(%) 1.5%%
eGFR, mL/min/ 95.4 + 93.7 + 93.9 +9.9 64.8 + 31.1%*%/
1.73 m? 9.1 16.4 ###/558
BUN, mmol/L 50+1.4 55+13 6.4+25% 8.8 + 4.4%*%/
###/S
Serum creatinine, 67.3 £ 64.0 + 61.3 +£13.0 123.5 + 112.9*
pmol/L 11.6 13.5 #H#LS
Serum albumin, 42,5 + 42.8 + 42.3+25 39.5 + 6.3%/##
g/L 2.4 35
UACR, mg/g 58 +29 9.6 £ 103.0 + 937.8 £
6.1%* 70, 9%k x/FHH 1048,/ ###/5%
$
Serum uric acid, 311.0 + 334.0 + 336.3 +79.6 376.4 + 101.8*#
pmol/L 85.8 82.4
Serum TG, 1.4+07 15+09 1.9+1.2 2.1 + 1.4%%
mmol/L
Serum TC, 5.2+0.9 49 +1.2 54+1.5 51+13
mmol/L
Serum HDL-C, 1.6 £0.2 1.5+0.3 1.6 £ 0.4 1.4 + 0.3%+/%
mmol/L
Serum LDL-C, 3.5+0.8 3.2+ 0.9 3.6 £ 0.9 3.3+1.1
mmol/L
ALT, U/L 21.5+ 332+ 32.1 +£235 22.7 £ 12.6
12.3 33.4
AST, U/L 26.3 £ 26.9 + 28.4 +£ 145 24.0+7.9
7.6 13.0

The values are expressed as means + standard deviation (SD). HbAlc, glyco-
sylated hemoglobin, type A1C; TG, triglycerides; eGFR, estimated glomerular
filtration rate; BUN, blood urea nitrogen; UACR, urine albumin/creatinine ratio;
TC, serum total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C,
low-density lipoprotein cholesterol; ALT, alanine aminotransferase; AST,
aspartate aminotransferase. Compared to Ctrl, *p < 0.05, **p < 0.01, and ***p
< 0.001; compared to DM, *p < 0.05, **p < 0.01, and **#p < 0.001; ¥p < 0.05, ®
$p < 0.01 and *¥%p < 0.001 for DKD-E vs. DKD-A.

annotated in the serum of patients from all groups (Fig. 2a). The dif-
ferences in lipid profiles between the control, DM, and DKD groups were
visualized using volcano plots (Fig. 2b), and the number of upregulated
and downregulated lipids in each comparison is shown in Fig. 2c.
When comparing the DM and DKD groups to the control group, there
was a shared pattern of lipid changes. Both groups exhibited a sup-
pression in the levels of most phospholipid classes, including LPE, LPC,
PE, PC, and PS. Certain sphingolipid classes, such as SM and lacto-
sylceramide (LacCer), were also suppressed (Fig. 2b and c). This shared
dysregulation suggests a common lipidomic shift in the progression of
DM and its complications. Despite the common lipid changes between
DM and DKD patients when compared to controls, the progression from
DM to DKD was marked by distinct lipidomic differences. The lipid
profiles of DKD patients showed a significant elevation in several lipid
species when compared to DM patients. These included most of the
previously mentioned phospholipid classes (LPE, PE, and PC), sphin-
golipid classes (Cer, and SM), and the neutral lipid DAG class. In
contrast, several lipid species from LPC, and cholesterol esters (CE)
classes were downregulated in DKD compared to DM (Fig. 2b and c).
These findings suggest that while both DM and DKD patients share some
lipidomic changes compared to control individuals, the transition from
DM to DKD is characterized by a distinct elevation in specific lipid
species. This distinct lipid profile in DKD patients may contribute to the
progression of kidney dysfunction and could serve as a potential
biomarker for early detection and disease monitoring in DKD.
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3.3. Different lipidomic shifts mark the DM to DKD progression

To further investigate the lipid alterations associated with the pro-
gression of DKD, we conducted a comparative analysis of the serum
lipidome across the two distinct stages of DKD: the early stage (DKD-E)
and the advanced stage (DKD-A). This exploration aimed to identify
stage-specific lipid changes that may underlie the development of and
progression of DKD. Partial least squares-discriminant analysis (PLS-DA)
revealed that the lipidome profiles of the DM group were distinctly
separated from the control group along principal component (PC1, p =
0.052) and PC2 (p < 0.001), from the DKD-E group in PC1 (p < 0.05),
and from the DKD-A group in PC2 (p < 0.001). Additionally, the DKD-A
group was clearly distinguished from DKD-E in PC2 (p < 0.01) (Fig. 3a
and b). The heatmap results further confirmed that DKD-E and DKD-A
had significantly different lipid distributions compared to the control
and DM groups (Fig. 3¢ and Fig. S1). Unsupervised clustering of the
detected lipids resulted in 5 major clusters. Among them, in Cluster 1,
most lipids were both increased in DKD-E and DKD-A compared to DM,
mainly including PCs, PEs, PSs and DAGs, as well as several lipids
belonging to Cer, and phosphatidylinositol (PI) (Fig. 3c). Further
investigation on the differential lipid between the DM group and the
different stages of DKD revealed that compared to the DM group, sig-
nificant upregulation of some lipid species from LPE, LPC, PE, PC, Cer,
SM, monoacylglycerol (MAG), DAG, and TAG classes in DKD-E persisted
into advanced stage, indicating the potential contribution of these lipids
to the early onset and progression of DKD (Fig. 3d and e). Of note, in
Cluster 2 as shown in Fig. 3¢, most lipids remained similar between DM
and DKD-E, but were elevated only in the DKD-A stage, including LPEs,
LPCs and neutral lipids MAGs, and TAGs. Furthermore, compared to the
DKD-E group, phospholipids, particularly several PCs, PEs, PSs and
FFAs, were significantly decreased only in DKD-A group. In contrast,
LPEs and LPCs exhibited a exclusive and remarkable elevation only in
DKD-A group either compared to DM or DKD-E group, suggesting a
potential role for the hydrolysis of phospholipids and the subsequent
enrichment of lysophospholipids in the progression of DKD. Several TAG
species were also increased in the DKD-A group compared to the early
stage, consistent with clinical observations of more severe lipid accu-
mulation in the kidneys of DKD-A patients [13]. In conclusion, our
untargeted lipidomic analysis revealed distinct lipidomic shifts marking
the transition from DM to DKD and progression through DKD stages. The
upregulation of LPE, LPC, PE, PC, Cer, SM, MAG, DAG, and TAG classes
probably contributes to the transition from DM to DKD, while the
downregulation of PCs, PEs, and PSs, along with the upregulation of
LPEs, LPCs, and TAGs is likely associated with the progression from
DKD-E to DKD-A.

3.4. Specific lipid species patterns associated with DKD risk and severity

To identify serum lipids linked to DKD risk, we performed logistic
regression analysis through univariate and multivariate analyses
(Fig. 4a). The results demonstrated that age, gender, BMI and HbAlc
didn’t exhibited obvious correlation with the risk of DKD among DM
population. Significant associations were observed between Cer, LPE,
PE, and DAG classes with an increased risk of incident DKD. The odds
ratios (OR) per standard deviation (SD) increment were as follows: LPE
(OR: 2.81, 95 % CI 0.90-8.49, p = 0.074), LPC (OR: 2.80, 95 % CI
0.92-8.75, p = 0.069), PE (OR: 2.45, 95 % CI 0.93-6.47, p = 0.070), and
DAG (OR: 1.77, 95 % CI 0.99-3.18, p = 0.054). Furthermore, among
these lipid species, most LPE species, including LPE(16:0), LPE(18:0),
LPE(18:1), LPE(22:0), LPE(22:1), LPE(22:2), two PE species, including
PE(34:1) and PE(34:2), as well as three LPC species, including LPC
(18:2), LPC(20:1), LPC(20:2), demonstrated a positive correlation with
DKD severity markers such as UACR, SCr, and BUN, while showing an
inverse association with eGFR and serum albumin (Fig. 4b). Most DAG
species, including DAG(34:1), DAG(34:2), DAG(36:1), DAG(36:2), DAG
(36:3), and DAG(36:4), also showed significantly positive associations
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with UACR, Scr, BUN and urinary creatinine, and inversely related with
serum albumin. Collectively, most DAGs exhibited strong associations
with UACR, Scr, BUN and urine microalbumin, the key indicators of
DKD severity. Moreover, most LPEs, LPCs and some PEs simultaneously
displayed significant positive correlations with UACR and inverse as-
sociations with eGFR, consistent with the positive effect of these lipids
on the risk of DKD. These findings established the potential association
between these key lipid species, particularly LPEs, LPCs, PEs, and DAGs
with DKD risk and disease progression.

3.5. Alterations of LPE, PE, LPC, and DAG species in the progression from
DM to DKD

To evaluate whether the lipid classes, LPE, PE, LPC, and DAG, exhibit
a change pattern correlating with the progression of DKD, we analyzed
the levels of specific lipid species within these five classes across four
groups: Ctrl, DM, DKD-E, and DKD-A. As shown in Fig. 5, LPEs exhibited
a declining trend in the DM group relative to Ctrl, followed by significant
elevations noted only in the DKD-A group compared to both DM and
DKD-E. This pattern was particularly evident for LPE species such as LPE
(16:0), LPE(18:1), LPE(18:2), LPE(20:1), and LPE(20:2). The most
abundant species in PEs, including PE(36:1), PE(36:2), and PE(38:2),
and certain DAGs, such as DAG(34:1), DAG(34:2), DAG(36:2), and DAG
(36:4), were significantly lower in the DM group compared to Ctrl.
However, these lipids were conversely elevated in DKD groups when
compared to DM, with no significant difference between DKD-E and
DKD-A. Similarly, LPCs were significantly lower in the DM group rela-
tive to Ctrl, while the most abundant species in LPC, including LPC
(16:0), LPC(18:0), and LPC(18:2), and other mino LPCs, such as LPC
(20:3) and LPC(20:5), exhibited significant elevations noted only in the
DKD-A group compared to DM. Taken together, the specific lipids from
Cer, PE, LPE, and DAG classes showed an upward trend during the
transition from DM to DKD, while most LPEs exhibited further elevation
in the progression from DKD-E to DKD-A. These results suggest the po-
tential involvement of PE, DAG, and LPC lipids in the development of
DKD, while LPE likely plays a critical role in disease progression.

3.6. Performance Evaluation of a Lipid-Based Biomarker Panel for Early
Identification of DKD from DM

Given the above-established risk-of-DKD associated lipids, we then
propose a lipid-based biomarker panel to distinguish DKD from DM
using three machine learning methods: random forest (RF), support
vector machine-recursive feature elimination (SVM-RFE), and least ab-
solute shrinkage and selection operator (LASSO) regression for variable
screening. These methods were applied to identify the most significant
lipid variables, which could serve as effective biomarkers for the early
detection and progression of DKD.

By evaluating the top 15 variables identified by RF for distinguishing
between DM and DKD (Fig. 6a), the 13 variables selected by SVM-RFE
for maximum accuracy (Fig. 6b), and the 7 variables with non-zero
coefficients in the Lasso regression model established with lambda.
min (Fig. 6¢), we selected nine lipid variables that appeared in at least
two of the three sets, including LPC(18:2), LPC(20:5), LPE (16:0), LPE
(18:0), LPE (18:1), LPE (24:0), PE (34:1), PE (34:2), and PE (36:2)
(Fig. 6d). The abundance of these lipids, particularly LPE(16:0), LPE
(18:0), PE(36:2), PE(34:1), and PE(34:2), showed a tendency to increase
with rising UACR (Fig. 6e), indicating their potential enrichment during
the transition from DM to DKD. To assess the predictive power of this
nine-lipid panel (referred to as Lipid9 model), we compared it against
two clinical indexes—SCr and BUN (abbreviated as SCB)—alone or in
combination (Lipid9-SCB model), as well as against eGFR, in classifying
patients with DKD from DM. Receiver operating characteristic (ROC)
analysis revealed that that area under ROC curve (AUC) of Lipid9 was
0.78 (95 % CI 0.68-0.86), higher than that of SCB (AUC: 0.72, 95 % CI
0.62-0.82), and eGFR (AUC: 0.68, 95 % CI 0.58-0.78) (Fig. 6f). Thus,
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the nine serum lipids were identified as potential DKD biomarkers. More
importantly, the Lipid9-SCB combination yielded an even higher AUC of
0.82 (95 % CI 0.75-0.90), significantly surpassing the other models. The
diagnostic performance of Lipid9-SCB showed higher sensitivity and
specificity value of 0.84 and 0.75, respectively, at the optimal cutoff
obtained based on Youden index when discriminating DKD from DM,
than eGFR with sensitivity and specificity value of 0.61 and 0.61 at the
cutoff of 90 mlL/min/1.73 m? (CKD G2-G5) according to KDIGO
guidelines. Furthermore, when identifying early DKD in DM patients,
the Lipid9 model achieved an AUC of 0.75 (95 % CI 0.63-0.88), com-
parable to that of the Lipid9-SCB combination (AUC: 0.79, 95 % CI
0.67-0.91), both markedly better than SCB (AUC: 0.66, 95 % CI
0.52-0.80), and eGFR (AUC: 0.54, 95 % CI 0.39-0.68) (Fig. 6g). Simi-
larly, the Lipid9 (AUC: 0.89 [0.83-0.96] and 0.84 [0.73-0.95], respec-
tively) or Lipid9-SCB (AUC: 0.94 [0.88-0.99] and 0.92 [0.85-0.99],
respectively) showed good performance in distinguishing advanced
DKD from DM or DKD-E, outperforming SCB alone (AUC: 0.83
[0.73-0.93] and 0.85 [0.74-0.95], respectively) or eGFR (AUC: 0.82

[0.72-0.92] and 0.84 [0.74-0.94], respectively) (Fig. 6h and i).

In conclusion, the combination of the nine-lipid panel (Lipid9) with
the clinical indexes SCr and BUN (Lipid9-SCB) shows great potential for
early DKD detection and for differentiating its stages, with superior
performance compared to existing clinical markers.

4. Discussion

The kidney is a highly energetically demanding organ that relies
heavily on fatty acid oxidation for energy. Lipid homeostasis is consid-
ered to be crucial to maintain kidney function [27]. Dysregulation in
lipid metabolism, such as aberration in FAO, lipid uptake and lipogen-
esis, promotes the progression of DKD. For example, in the kidney, the
accumulation of excess fatty acids results in damage to podocytes,
causing mitochondrial dysfunction, and injury to the glomeruli and
tubulointerstitial tissue [28]. While traditional methods like eGFR and
UACR remain cornerstone indicators, lipidomics provide complemen-
tary insights by capturing pathophysiological lipid remodeling linked to
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tubular  injury. Previous studies have  suggested that
lipotoxicity-associated renal damage is driven not only by the amount of
lipids, but also by the specific lipid species accumulated in the kidney
[27]. By identifying lipid species that are dysregulated in disease states,
lipidomics can help in discovering potential therapeutic targets. Despite
advancements in understanding dyslipidemia in DM and chronic kidney
disease [13], the lipid signature associated with the transition from DM
to DKD and progression of DKD remains unclear. In this study, we
investigated the serum lipidomic changes associated with DKD onset
and progression between DM, DKD-E and DKD-A patients, and identified
systemic lipid markers of diagnostic value for early discrimination of
DKD.

Regarding the lipid signature contributing to DKD progression, our
study observed notably decreases in two phospholipid classes (PC and
PS) and elevations in two lysophospholipid classes (LPE and LPC) in
DKD-A group compared to DKD-E group. These findings suggest that
hydrolysis of phospholipids and the subsequent accumulation of lyso-
phospholipids may play a role DKD progression. Previous studies have
linked increases in phospholipids [29] with DKD, aligning with our
findings. In the CRIC cohort, intra-class mean of PEs were higher in the
progressors as compared to the non-progressors [30]. Serum phospho-
lipids including phosphatidylserine (PS), sphingomyelin (SM), and

phosphatidylcholine (PC) were found to be significantly upregulated in
the DKD group and were highly correlated with the ACR [31]. It is
well-established that phospholipids are the predominant lipid class in
the kidney, constituting more than 50 % of the total renal lipids. Among
them, PE and LPE have been shown to be closely associated with DKD
development. Afshinnia et al. examined serum samples from Amerin-
dian populations with DKD and demonstrated that PE levels were
significantly upregulated in DKD patients and were positively correlated
with disease progression [32]. Additionally, PE aggregation was found
in renal tubular cells from a DKD mouse model [33], further supporting
its involvement. In their risk prediction model, a one-SD increase in PE
was associated with a 1.78-fold increased risk of disease progression (95
% CI: 1.24-2.57, p = 0.002), confirming its potential as a biomarker for
monitoring DKD progression [32]. In addition, the African American
Study of Kidney Disease and Hypertension (AASK) and the Modification
of Diet in Renal Disease (MDRD) studies identified six PEs significantly
associated with proteinuria, a key marker of DKD progression [34].
Furthermore, Allison McCrimmon et al. identified four significantly
oxidized PEs as the most oxidatively modified lipid subclass in the
kidneys of db/db mice, suggesting that altered serum PE levels in DKD
may be related to mitochondrial dysfunction [35]. However, a precise
mechanistic link between PE and DKD progression has yet to be fully
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Fig. 6. Performance Evaluation of a Lipid-Based Biomarker Panel for Early Identification of DKD from DM. (a—c) Machine learning to identify the key lipids for the
differentiating DKD from DM, including top 15 lipids ranked by RF (a), 13 lipids selected by SVM-RFE(b), and 7 lipids selected by LASSO regression method (c). (d)
Venn diagram illustrated that 9 lipids were identified by the three machine learning methods. (e) Heatmap displayed the levels of 9 lipids, as well as UACR and eGFR
in DM and DKD populations. (f) Receiver operating characteristic curve (ROC) and AUC of 9 lipids alone (Lipid9) or in combination with 2 clinical indexes, including
SCr and BUN (Lipid9-SCB), 2 clinical indexes (SCB), or eGFR alone to predict DKD among DM population. (g-i) ROC and AUC of Lipid9-SCB, Lipid9, SCB and eGFR
for models to predict DKD-E (g) and DKD-A (h) among DM population and differentiating DKD-A from DKD-E (i). *p < 0.05, **p < 0.01 compared to Lipid9-SCB.

##p < 0.01 compared to Lipid9.

elucidated.

In the current study, LPE was significantly enriched in DKD-A,
implying its potential involvement in DKD progression. LPE is a
unique subclass of phospholipids, acting as membrane-derived bioactive
lipid mediators. These molecules are derived from PE through partial
catalysis by phospholipase A2 (PLA2) during glycerophospholipid
metabolism [36]. Previous studies have also reported elevated levels of
LPE in the kidneys of diabetic db/db mice [35], supporting the notion
that LPE accumulation may be associated with DKD progression. LPEs
are known to regulate various cellular processes, including inflamma-
tion, apoptosis, cytoskeletal rearrangement, and Ca®* signaling. Thus, it
may influence DKD pathophysiology by modulating inflammatory re-
sponses and cellular dynamics [37]. Dysregulation of LPE in hypergly-
cemic conditions, such as those seen in DKD, could impair cytoskeletal
functions and cell motility, and promote disease progression [35]. Given
the significant enrichment of LPE in advanced stages of DKD (DKD-A),
this lipid subclass represents a promising target for further investigation.

We also observed changes in DAGs in DKD patients, suggesting their
involvement in disease pathogenesis. DAG is a glyceride containing 2
fatty acyl groups, which is mainly involved in cell membrane formation
[38] and synaptic vesicle cycling response [39], but also acts as a sec-
ondary lipid messenger, particularly in insulin signaling pathways [40].
A cohort study based on chronic renal insufficiency found that DAG in
baseline samples was the most predictive lipid distinguishing pro-
gressors from non-progressors to ESKD [30]. The specific mechanism of
elevated DAG may be related to aberrant activation of protein kinase C
(PKC) [41,42], which has been implicated in promoting oxidative stress
and inflammation, contributing to DKD progression.

This study has several strengths, including a well-defined clinical
sample set and strict quality control in lipidomic analysis. However,
there are limitations to this study. Although LPE, PE, LPC and DAG
showed consistent correlations with a wide range of renal function
markers, confirmation with other filtration markers such as cystatin C is
yet to be achieved. Secondly, we need to externally validate the findings
in independent cohorts. The predictive performance of the proposed
biomarker panel may be influenced by unmeasured heterogeneity in
genetic predisposition, inter-individual variability in dietary patterns,
lifestyle factors (e.g., physical activity), and differential therapeutic in-
terventions across the cohort. In addition, the impact of LPE, PE, LPC
and DAG-mediated lipotoxicity on renal proximal tubule cells needs to
be further explored.

In conclusion, our study expands the understanding of lipid signature
changes and dysregulation in DKD, and identifies potential lipid markers
for disease stratification. By emphasizing the importance of lipidomic
profiling, our findings suggest that monitoring lipid levels could serve as
a valuable tool for predicting DKD progression. Systematic lipid as-
sessments may enable the early detection of individuals at risk for
advancing DKD, thereby facilitating timely interventions to mitigate
renal damage and improve patient outcomes.
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