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Identification of key genes in diabetic nephropathy
based on lipid metabolism
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Abstract. Diabetic nephropathy (DN) is a common systemic
microvascular complication of diabetes with a high incidence
rate. Notably, the disturbance of lipid metabolism is associ-
ated with DN progression. The present study aimed to identify
lipid metabolism-related hub genes associated with DN for
improved diagnosis of DN. The gene expression profile data
of DN and healthy samples (GSE142153) were obtained
from the Gene Expression Omnibus database, and the lipid
metabolism-related genes were obtained from the Molecular
Signatures Database. Differentially expressed genes (DEGs)
between DN and healthy samples were analyzed. The
weighted gene co-expression network analysis (WGCNA)
was performed to examine the relationship between genes
and clinical traits to identify the key module genes associ-
ated with DN. Next, the Venn Diagram R package was used
to identify the lipid metabolism-related genes associated with
DN and their protein-protein interaction (PPI) network was
constructed. Subsequently, Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment
analyses were performed. The hub genes were identified
using machine-learning algorithms. The Gene Set Enrichment
Analysis (GSEA) was used to analyze the functions of the
hub genes. The present study also investigated the immune
infiltration discrepancies between DN and healthy samples,
and assessed the correlation between the immune cells and
hub genes. Finally, the expression levels of key genes were
verified by reverse transcription-quantitative (RT-q)PCR.
The present study determined 1,445 DEGs in DN samples. In
addition, 694 DN-related genes in MEyellow and MEturquoise
modules were identified by WGCNA. Next, the Venn Diagram
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R package was used to identify 17 lipid metabolism-related
genes and to construct a PPI network. GO analysis revealed that
these 17 genes were markedly associated with ‘phospholipid
biosynthetic process’ and ‘cholesterol biosynthetic process’,
while the KEGG analysis showed that they were enriched in
‘glycerophospholipid metabolism’ and ‘fatty acid degradation’.
In addition, SAMDS8 and CYP51A1 were identified through
the intersections of two machine-learning algorithms. The
results of GSEA revealed that the ‘mitochondrial matrix’ and
‘GTPase activity’ were the markedly enriched GO terms in
both SAMDS and CYP51AI1. Their KEGG pathways were
mainly concentrated in the ‘pathways of neurodegenera-
tion-multiple diseases’. Immune infiltration analysis showed
that nine types of immune cells had different expression levels
in DN (diseased) and healthy samples. Notably, SAMDS and
CYP51A1 were both markedly associated with activated B
cells and effector memory CD8 T cells. Finally, RT-qPCR
confirmed the high expression of SAMDS and CYP51ALl in
DN. In conclusion, lipid metabolism-related genes SAMDS8
and CYP51AI1 may play key roles in DN. The present study
provides fundamental information on lipid metabolism that
may aid the diagnosis and treatment of DN.

Introduction

The prevalence of diabetes mellitus is increasing annually
worldwide; it is estimated that by 2030, the global diabetic
population will reach approximately 4.39 billion (1). Diabetic
nephropathy (DN), one of the most common and serious
systemic microvascular complications of diabetes (2). A
previous study reported a prevalence rate of DN among
Chinese adults as high as 30.9% in the diabetic popula-
tion and identified DN as a major cause of end-stage renal
disease (ESRD) worldwide (3). Therefore, it is essential to
implement proactive and early preventative and treatment
strategies for delaying the progression of DN to ESRD (4-6).
The incidence of DN is generally considered to vary based
on genetic background and some associated risk factors (7),
and DN is considered to result from the interaction between
hemodynamic and metabolic factors. Its pathogenesis involves
multiple factors and pathways, including lipid metabolism
disorders and renal ectopic lipid accumulation (8-10).

DN is mainly characterized by glomerular damage and
tubulointerstitial lesions. It has a complex pathogenesis,
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involving nephritis, interstitial fibrosis (also known as
pulmonary fibrosis), renal tubular atrophy and abnormal lipid
metabolism (11-14). There is growing evidence that dyslipid-
emia plays a crucial role in the development of DN (11,15).
Patients with DN often present with significant dyslipidemia.
In dyslipidemia, high level of triglycerides, low levels of HDL
cholesterol and lipoproteins with altered composition are
transported and deposited in the kidney. This process activates
the inflammatory responses and causes oxidative stress, mito-
chondrial dysfunction and cell death, thereby damaging the
kidney (12,16-19). A previous study has shown that changes
in renal triglyceride and cholesterol metabolism can lead to
lipid accumulation in DN, and there is a highly significant
association between renal function, inflammation and lipid
metabolism-related genes (11). Another study explored the
role of annexin Al (ANXAI) in diabetic mice and proximal
tubular epithelial cells (PTECs) treated with high glucose
plus palmitic acid and found that ANXA1 may regulate
lipid metabolism in PTECs, thereby improving disease
progression (20). Disordered lipid metabolism is a key factor
responsible for DN progression. Ectopic lipid deposition is
aggravated in DN, which promotes tubular cell inflammation
and apoptosis. As a result, DN-induced pathological changes
are further aggravated (21-23). Diacylglycerol, triacylglycerol
(TAG), and lysophosphatidylcholine (LPC) are significantly
upregulated in patients with DN (19). Among these, phos-
phatidylethanolamine (PE) is an important multifunctional
glycerophospholipid, and its metabolic abnormalities
are closely associated with lipid metabolism disorders in
DN (24-27). but the regulatory role of lipid metabolism-related
genes in DN remains to be elucidated.

Bioinformatics methods are powerful tools for identifying
potential key genes involved in a disease. Therefore, they have
attracted increasing attention in recent years for analyzing
microarray data. The present study investigated the influence of
lipid metabolism on DN by analyzing lipid metabolism-related
genes through machine-learning algorithms and integrating
their potential functional pathways. In addition, it performed
immune infiltration analysis to explore the association between
key genes of lipid metabolism and immune cells. Finally, it
verified these key genes by reverse transcription-quantitative
(RT-q)PCR.

Materials and methods

Data source. Gene expression profiles from the GSE142153
dataset (28), comprising data from peripheral blood samples
obtained from 23 patients with DN and 10 healthy controls,
were downloaded from the Gene Expression Omnibus
database (ncbi.nlm.nih.gov/geo/), which was obtained from
the GPL6480 platform (Table SI). This dataset included
microarray data, which were presented in the form of raw
signal intensities or gene expression levels. In addition, 904
lipid metabolism-related genes were acquired from the
Molecular Signature Database (https://www.gsea-msigdb.
org/gsea/msigdb).

Differential expression analysis. The present study employed
the R package limma (29) to analyze the differentially
expressed genes (DEGs) between DN and healthy samples in

the GSE142153 dataset, based on the criteria llog,FCI >0.5 and
P<0.05. Next, the ggplot2 (30) and pheatmap (31) packages in
R (version 4.0.2, 2020, R-project.org/) were used to generate
the volcano plot and heatmap of DEGs, respectively.

Weighted gene co-expression network analysis (WGCNA). To
find the genes linked with DN, the WGCNA package in R (32)
was performed to construct a co-expression network based on
the 23 DN samples and 10 healthy samples in the GSE142153
dataset. First, to ensure the accuracy of the analysis, these
samples were clustered to remove the outliers. Next, to ensure
the interactions of genes accord with the scale-free distribu-
tion to the maximum extent, the soft threshold of all data was
determined. Subsequently, the dissimilarity coefficients of
genes were calculated and the systematic clustering tree was
obtained. For each gene module, the minimum module size
was set as 150 with the criteria of the dynamic tree cutting, and
similar modules were merged. Ultimately, the relationships
among the modules and clinical traits (DN and healthy) were
calculated to identify the key modules (correlation coefficient
Icorl =0.6, P<0.05). Module membership (MM) correlation
between key module genes and the modules, and the gene
significance (GS) correlation between key module genes and
clinical traits were further calculated to identify the genes in
DN (IMMI >0.8 and IGSI >0.2) (33).

Identification and protein-protein interaction (PPI) of the lipid
metabolism-related genes in DN. The present study intersected
DEGs, key module genes and 904 lipid metabolism-related
genes to identify lipid metabolism-related genes in DN using
the Venn Diagram R package (34). The associations among
these genes were determined. In addition, a PPI network was
constructed using STRING (https://cn.string-db.org/) database
(confidence=0.15) (35) to analyze the interaction between the
proteins of lipid metabolism-related genes in DN.

Functional enrichment analysis. Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses
were performed to investigate the potential role of lipid
metabolism-related genes in DN using the clusterProfiler R
package (36). The results were visualized using GOplot (37)
and the enrichplot package (38).

Screening and Gene Set Enrichment Analysis (GSEA) of lipid
metabolism-related hub genes in DN. To identify the hub genes
of lipid metabolism in DN, two classification models were
established using 23 DN and 10 healthy samples: The Least
Absolute Shrinkage and Selector Operation (LASSO) algo-
rithm model in R package glmnet (39) and the Support Vector
Machine-Recursive Feature Elimination (SVM-RFE) algo-
rithm model in R package el071 (40). The efficiency of these
two models was determined using a 10-fold cross-validation
method. The intersections of the results obtained using these
two models were employed as the lipid metabolism-related
hub genes in DN for the subsequent research. In addition, the
R package clusterProfiler (36) was used to perform GSEA of
the hub genes. The correlations between hub genes and other
genes was determined using the default gene sets in the org.
Hs. eg. db package (version 3.12.0, bioconductor.org/pack-
ages/release/data/annotation/html/org.Hs.eg.db.html). The
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significance thresholds were INormalized Enrichment Score
(NES)I >1, P<0.05 and g<0.2.

Immune infiltration evaluation. To investigate discrepan-
cies in immune cell infiltration between the DN and healthy
samples, the present study evaluated 28 types of immune
cell infiltrations in the 23 DN and 10 healthy samples in
the GSE142153 dataset using the ‘ssGSEA’ method in the
GSVA R package (41). A heatmap was plotted of the ssGSEA
scores of immune cells for each sample. The various immune
cells between DN and healthy samples were evaluated
using Wilcoxon rank-sum test and the results were visual-
ized through the Vioplot package (version 0.3.7; github.
com/TomKellyGenetics/vioplot). Ultimately, the Pearson
correlation coefficients between each immune cell, the
immune cells and hub genes were calculated and visualized
using corrplot package in R (42).

RT-gPCR. The present study collected peripheral blood
mononuclear cell samples from 10 healthy subjects and
10 patients with DN from the First People's Hospital of
Yunnan Province (Kunming, China). The patient samples
were collected between 1 and 30 March, 2022. All subjects
provided written informed consent before participating in
the study. The present study was approved by the Ethics
Committee of The First People's Hospital of Yunnan Province
(approval no. 2022GJ227).

First, RNA was extracted using TRIzol® (Invitrogen;
Thermo Fisher Scientific, Inc.). RT was performed with
SweScript First-Strand cDNA Synthesis Kit (Servicebio,
Wuhan, China) according to the manufacturer's protocols.
gPCR) was performed strictly according to the manufacturer's
instructions for 2xUniversal Blue SYBR Green qPCR Master
Mix (Servicebio, Wuhan, China). qPCR reaction mixture
comprised 3 pl of cDNA, 5 ul of 2xUniversal Blue SYBR
Green qPCR Master Mix (Servicebio, Wuhan, China) and
1 pl of forward and reverse primer (Tsingke, China) also at
a concentration of 10 xM. qPCR was performed using the
CFX96 Real-Time PCR Detection System (Bio-Rad, China)
according to the following steps: pre-denaturation at 95°C
for 1 min, followed by 40 cycles of denaturation at 95°C for
20 sec, annealing at 55°C for 20 sec, and extension at 72°C
for 30 sec. GAPDH was used as the internal reference gene,
and the relative expression levels of key genes were calculated
using the 224% method (43). All systematic analyses were
performed in triplicate. qPCR primer sequences are shown in
Table I.

Statistical analysis. All analyses were carried outin R language
(version 4.0.2). Differences between groups were analyzed by
Wilcoxon rank-sum test. P<0.05. The Independent-samples
t-test was employed. Assuming normal distribution and equal
variances, the mean and SEM) were calculated for each group.
All systematic analyses were performed in triplicate.

Results
Identification of DEGs. The present study identified 1,445

DEGs between the DN and healthy samples in the GSE142153
dataset. Among the DEGs present in DN samples, 707 genes
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Table I. Reverse transcription-quantitative PCR primer
sequences.

Primer Sequence, 5'-3")

SAMDS F: CCTTTCATCAGTGCTCTTCAGA
R: AATCATGCCACATACTTCCGTC

CYP51A1 F: TAAGGCAATCCAGAAACGCA
R: CCAAAAAGAAGCCCATCCAA

[B-actin F: GGAAGGTGAAGGTCGGAGT

R: TGAGGTCAATGAAGGGGTC

F, forward; R, reverse.

were upregulated and 738 were downregulated. A volcano plot
and a heatmap of these genes are in Fig. 1.

Screening of genes in key modules by WGCNA. A sample
clustering tree after excluding the outliers (GSM4221586)
was plotted (Fig. 2A and B). The network accorded with the
scale-free distribution to the maximum extent possible when
the soft threshold was 7 (Fig. 2C). After determining the
soft threshold, the gene dendrogram was constructed and 15
co-expression modules were found by setting the minimum
module size at 150 (Fig. 2D). The correlations among the
modules and DN and healthy samples showed that MEyellow
was positively correlated with DN, whereas MEturquoise
had a negative correlation with DN (Fig. 2E). Finally, 694
DN-related genes in MEyellow and MEturquoise with IMMI
>0.8 and IGSI >0.2 were identified (Fig. 2F and G).

Identification and PPI of the lipid metabolism-related genes
in DN. A Venn diagram was used to identify 17 genes associ-
ated with lipid metabolism in DN through the intersections
of 1,445 DEGs, 694 DN-related genes in the MEyellow and
MEturquoise modules, and 904 lipid metabolism-related
genes (Fig. 3A). The correlation analysis among these 17 genes
demonstrated a strong correlation between IDI1 and PTS
(Fig. 3B). The aforementioned 17 lipid metabolism-related
genes were then uploaded into the STRING database.
However, the SAMDS8 and TNFAIPSL2 genes were excluded
from the STRING database as they did not show any interac-
tion. Next, a PPI network of 15 genes with a confidence of
0.15 was constructed. The degree scores of these 15 genes are
shown in a bar chart (Fig. 3C and D).

Functional enrichment analyses. GO and KEGG functional
enrichment analyses were conducted to investigate the potential
functions of the 17 lipid metabolism-related genes implicated in
DN. Notably, 5 KEGG pathways and 23 GO entries belonging
to the biological process (BP) category were identified (P.adjust
<0.05 and count >2). The BP results showed that these 17 lipid
metabolism-related genes were closely associated with the ‘phos-
pholipid biosynthetic process’, ‘alcohol biosynthetic process’ and
‘cholesterol biosynthetic process’ (Fig. 4A). The KEGG analysis
demonstrated that the markedly enriched pathways associated
with these genes included ‘glycerophospholipid metabolism’,
‘steroid biosynthesis’” and ‘fatty acid degradation’ (Fig. 4B).
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Figure 1. Analysis of differentially expressed genes. (A) Volcano plot of differences between DN and healthy groups. Red dots indicate that the gene expression
is upregulated (DN vs. healthy samples), blue dots indicate that the gene expression is downregulated, and black dots indicate the difference is not significant.
(B) Heatmap plot of differences between DN and healthy groups. Blue represents DN samples and red represents control samples. The higher the expression,

the darker the color. DN, diabetic nephropathy.

Identification and GSEA of hub genes. To identify hub genes
among the aforementioned 17 lipid metabolism-related
genes, LASSO and SVM-RFE algorithm models were
established based on the data obtained from 23 DN samples
and 10 healthy samples. LASSO algorithm identified four
genes as feature genes (Fig. 5A and B). Three genes were
identified as feature genes by the SVM-RFE algorithm
(Fig. 5C), which are the first three genes in Table SII. The
intersections of these two algorithm models revealed two
overlapping genes, SAMDS8 and CYP51A1 (Fig. 5D). The top
10 most important GO and KEGG terms of the GSEA results
of SAMDS and CYP51A1 were screened. ‘mitochondrial
matrix’ and ‘GTPase activity’ were identified as the common
markedly enriched GO term in both SAMDS and CYP51A1
(Fig. 5E and G). The following common markedly enriched
KEGG pathways for SAMDS8 and CYP51A1 were identified:
‘Alzheimer disease’, ‘IL-17 signaling pathway’, ‘pathways
of neurodegeneration-multiple diseases’ and ‘TGF-beta
signaling pathway’ (Fig. 5F and H).

Immune infiltration analysis. The ssGSEA was employed
to evaluate the infiltration levels of 28 immune cell types
in both DN and healthy samples. A heatmap displaying the
sSGSEA scores is shown in Fig. 6A. A total of nine immune
cell types were significantly different between DN and healthy
samples: Activated B cells, CD56bright natural killer cells,
effector memory CD4 T cells, effector memory CD8 T cells,
mast cells, memory B cells, plasmacytoid dendritic cells, T
follicular helper cells and type 1 T helper cells. These cell
types exhibited significant differences between the DN and
healthy samples, as visualized using a violin chart (Fig. 6B).
Furthermore, the Pearson correlation coefficients of the
immune cell types showed that monocytes exhibited a mark-
edly positive correlation with plasmacytoid and immature
dendritic cells (Fig. 6C). Finally, the Pearson correlation coef-
ficients between immune cells and hub genes (SAMDS8 and
CYP51A1) were calculated. SAMDS and CYP51A1 were both
correlated with the activated B cells, effector memory CD8 T

cells, memory B cells and T follicular helper cells (Icorl >0.4;
Fig. 6D and E).

Expression of SAMDS and CYP51AI. The RT-qPCR analysis
showed a higher expression of SAMDS8 and CYP51Al in
DN samples than in those from normal subjects, which was
consistent with the aforementioned results of the present study
(Fig. 7A and B).

Discussion

Lipid metabolism plays an important role in the progression
of DN, but the specific mechanism of action between the
two remains to be elucidated. The present study identified
two hub genes, SAMDS and CYP51A1, using LASSO and
SVM-RFE algorithms. SAMDS, which encodes sphingo-
myelin synthase-related protein (SMSr), is located in the
cytosol and endoplasmic reticulum, and acts as a component
of the endoplasmic reticulum membrane (44). SAMDS can
participate in the regulation of ceramide biosynthesis by
activating ceramide choline phosphotransferase and sphin-
gomyelin synthase activities. Tafesse er al (45) reported
that SAMDS acts as a suppressor of ceramide-mediated
apoptosis. Notably, disruption of the catalytic activity of
SMSr can increase the endoplasmic reticulum ceramide
levels and mislocalize them to the mitochondria, triggering
the mitochondrial apoptosis pathway (45). The association
between ceramide and DN has been reported (46). Notably,
ceramides are abundant in the kidney, and they regulate
diverse cellular events, including differentiation, growth
arrest and apoptosis (47-49). Studies on humans and animal
models have demonstrated that the accumulation of lipids
and their metabolites in tissues, including those of the kidney,
can cause lipid toxicity (50,51). Reducing the accumulation
of ceramide may improve insulin resistance, steatohepatitis
and other metabolic disorders (52). Therefore, it was hypoth-
esized that SAMDS could be implicated in DN by affecting
the synthesis of ceramide.
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Figure 2. WGCNA. (A) Sample dendrogram and trait heatmap. The clustering was based on the expression data of DN samples. The genes with the highest
average expression values were used for WGCNA. The red color was proportional to DN trait. (B) Cluster analysis of DN samples. The red line was used to
distinguish the outlier samples. The threshold was set as 140 and one outlier sample, that is, GSM4221586, was identified. (C) Soft threshold filtering. Analysis
of the scale-free fit index for various soft-thresholding powers (). Analysis of the mean connectivity for various soft thresholding powers. In all, 7 was the
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CYP51A1, a member of the cytochrome P450 superfamily  lanosterol, a key step in the synthesis of cholesterol (53,54).
of enzymes, catalyzes the removal of the 14-methyl group in  Patients with DN are characterized by an increased plasma
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concentration of cholesterol (15), reduced expression of
lipoprotein lipase, disruption of reverse cholesterol transport
and reduced number of receptors mediating lipid uptake (8).
Therefore, CYP51A1 could be involved in the development of
DN by regulating cholesterol synthesis. However, to the best
of our knowledge, the role of SAMDS8 and CYP51A1 in DN
has not been reported, and the present study was the first to
discover the role of two key genes in DN, which may provide a
new target for the treatment of DN.

The KEGG analysis of the 17 lipid metabolism-related
genes identified the following representative pathways:
‘Glycerophospholipid metabolism’, ‘steroid biosynthesis’ and
‘fatty acid degradation’. Notably, all the terms (‘phospholipid
biosynthetic process’, ‘alcohol biosynthetic process’, and
‘cholesterol biosynthetic process’) identified through GO
analysis are from the BP category. Studies have shown that
abdominal subcutaneous fat deposition and elevated non-ester-
ified fatty acids (NEFA) in plasma, which are characteristics
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Figure 4. GO and KEGG functional enrichment analyses. (A) GO functional enrichment analysis, listing the top 10 GO entries. (B) Most enriched KEGG
Genes and Genomes.
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Figure 5. Identification of hub genes. (A) LASSO logistic coefficient penalty plot. Each curve represents the change of the coefficient of each independent
variable. (B) Misclassification error plot. The x-axis is log A and the y-axis is the cross-validation error. The lowest error rate was achieved when A.min=0.0948,
four genes were identified as signature genes. (C) SVM-RFE algorithm, obtaining three signature genes. The y-axis shows the accuracy under different
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of patients with type 2 diabetes, contribute to the development
and progression of lipotoxicity (55,56). Dyslipidemia and
insulin resistance can disturb the function of adipose tissue,
causing an increase in the plasma concentrations of NEFA,
and an imbalance between pro- and anti-inflammatory

adipokines (57). This process activates intracellular lipid
metabolism-related pathways, thereby promoting the deposi-
tion of fatty acids in non-adipose tissues (58). The resulting
micro-inflammatory state and production of reactive
oxygen species can induce lipids to undergo oxidative stress
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modification. The modified lipids participate in intercellular
signal transduction and exacerbate inflammation, oxidative
stress and lipid peroxidation (14). This cascade of events can
cause cells to employ adaptive protective mechanisms of
mitophagy, autophagy and apoptosis, thereby damaging the
cells (18,59).

In contrast to healthy subjects, various immune cell types
(activated B cells, CD56bright natural killer cells, effector
memory CD4 T cells, effector memory CD8 T, mast cells,
memory B cells, plasmacytoid dendritic cells, T follicular
helper cells and type 1 T helper cells) exhibited different levels
in patients with DN, as shown by the immune infiltration
analysis. Previous studies have demonstrated that patients with
DN often present with renal inflammation, which is closely
associated with the onset and progression of DN (60-63).
Wilson et al (64) reported immune cell infiltration and
abnormal angiogenesis as early indicators of DN. Elevated
monocyte counts and monocyte:HDL ratio can be detected in
patients with DN, suggesting that monocytes play a key role
in the inflammatory response to DN (65-67). According to the
conventional pathological mechanisms of DN, in addition to
altered hemodynamics, factors such as advanced glycation end
products (AGE), oxidized lipids, free radicals and fatty acids
produced from numerous biological mechanisms of glucotox-
icity and lipotoxicity can cause inflammatory responses (68,69).
The presence of AGE receptors in macrophages, endothelial
cells and mesenchymal cells allows monocyte activation and
the subsequent release of inflammatory cytokines (IL-1, IL-6,
IL-18, CRP and TNF-a) (66). Monocyte activation can lead to
chronic inflammation and atherosclerosis in the kidney (70).
Long term, these alterations can change renal hemodynamics,
glomerular filtration rate and blood pressure (71). Notably,
the key genes identified in the present study, SAMDS and
CYP51AL1, were correlated with various immune cell types,
such as activated B cells, effector memory CD8 T cells,
memory B cells and T follicular helper cells. Hence, it may
be suggested that these two genes could influence the devel-
opment of DN not only through lipid metabolism but also by
mediating the related immune processes.

There were certain limitations in the present study. Firstly,
despite attempts to select a dataset with the largest possible
sample size for analysis, the small sample size remained
a drawback. Subsequently, the expression of SAMDS
and CYP51A1 was validated using RT-qPCR; however,
protein-level validation was not performed and further inves-
tigation into the underlying mechanism was also lacking.
However, the present study has some significance. It identified
the key genes related to lipid metabolism in DN for the first
time, and explored the signaling pathways enriched by these
key genes and their relationship with the immune environment
through enrichment analysis and immune infiltration analysis.
The present study offers valuable insights for elucidating
the relationship between DN and lipid metabolism, and for
providing a new reference point for clinical treatment and
diagnosis of DN. Next, the mechanism of key genes in DN
will be further verified through animal modeling.

In conclusion, the present study demonstrated that
SAMDS and CYP51A1 were key hub genes responsible for
lipid metabolism in DN. They were markedly upregulated in
DN and closely related to the immune response in DN.
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