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Abstract
Background  Diabetic nephropathy (DN) has been pathophysiologically associated with macrophage activity; 
however, the molecular mechanisms underlying this relationship remain unclear. This study aimed to explore the 
regulatory mechanisms linking DN and macrophages using integrated bioinformatics and experimental validation.

Methods  The DN datasets were obtained from the Gene Expression Omnibus (GEO) database. Differentially 
expressed genes (DEGs) were identified by comparing DN samples with controls. Weighted gene co-expression 
network analysis (WGCNA) was performed to identify macrophage-related modular genes, which were intersected 
with DEGs to obtain differentially expressed macrophage-related genes (DE-MRGs). Key genes were screened using 
protein–protein interaction (PPI) analysis, least absolute shrinkage and selection operator (LASSO) regression, and 
support vector machine–recursive feature elimination (SVM-RFE). Single-cell RNA sequencing was applied to evaluate 
the expression of key genes at the single-cell level. Functional enrichment, immune infiltration, and drug correlation 
analyses were subsequently conducted. Finally, animal models were constructed to validate gene expression using 
RT-qPCR.

Results  Four pivotal genes—LUM, FBN1, COL15A1, and LOX—were identified as significantly associated with 
immune cell infiltration, particularly macrophages and myeloid dendritic cells. The transcription factor FOXC1 was 
predicted to regulate all four key genes simultaneously. RT-qPCR confirmed that LUM, FBN1, and COL15A1 expression 
levels were markedly elevated in DN rat models compared with controls, consistent with bioinformatics findings.

Conclusions  This study identified four macrophage-related key genes (LUM, FBN1, COL15A1, and LOX) closely 
associated with the pathogenesis of diabetic nephropathy. These findings provide novel insights into the 
immunoregulatory mechanisms of DN and potential therapeutic targets for future research.
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Introduction
As reported by the International Diabetes Federation, 
there were 537 million individuals with diabetes glob-
ally in 2021, with projections estimating this number 
to rise to 783 million by 2045 [1]. Diabetes and its com-
plications have become major diseases that pose a seri-
ous threat to human health. Diabetic nephropathy (DN) 
represents one of the most prevalent and severe chronic 
microvascular complications arising from diabetes, pro-
gressively leading to a decline in renal function and 
potentially resulting in end-stage renal disease (ESRD) 
[2]. The pathological and physiological interaction 
between DN and ESRD further increases the complexity 
and difficulty of disease management [3]. Currently, the 
traditional standard treatment strategies for DN include 
controlling blood sugar and blood pressure, using renin-
angiotensin system inhibitors, managing lipids, and 
promoting weight loss [4]. In recent years, mineralocor-
ticoid receptor antagonists [5], SGLT-2 inhibitors [6], and 
GLP-1 receptor agonists [7] have shown renoprotective 
effects in clinical trials. However, even such comprehen-
sive treatments cannot completely prevent the progres-
sion of DN to ESRD, and the prevalence of DN among 
diabetic patients has remained largely unchanged in the 
past decade [3]. Meanwhile, due to the characteristics of 
this disease such as its insidious onset, low awareness, 
and high rate of misdiagnosis [8], the early diagnosis and 
prevention and treatment of this disease face significant 
challenges. Therefore, early detection and identification 
of novel key genes associated with DN are essential for 
timely intervention, significantly enhancing the progno-
sis for DN patients.

Recent investigations have highlighted that exuda-
tion of inflammatory cells and overexpression of pro-
inflammatory cytokines are key pathogenic mechanisms 
in DN [9]. Among them, the migration of monocytes/
macrophages to the renal tissue and the dynamic changes 
in their polarization state (M1/M2 phenotypes) play a 
crucial role in the development of DN [10–11]. Renal 
biopsies taken from patients across all stages of DN have 
consistently demonstrated the presence of macrophages 
within the interstitial and glomeruli. Hyperactivated 
macrophages release a substantial quantity of inflamma-
tory cytokines, exacerbating the inflammatory response 
of intrinsic renal cells, extracellular matrix secretion, 
fibrosis, and necrosis. Targeting macrophages for deple-
tion and inhibiting the Notch pathway in macrophages 
can alleviate pathological changes in renal cells [12]. 
Although the importance of macrophages in the occur-
rence and development of DN has been widely recog-
nized, the specific mechanism remains unclear, especially 
there is a lack of systematic research based on multi-
omics integration. This limits the further development of 
early diagnosis and targeted treatment strategies for DN.

This study was based on transcriptomic data from 41 
DN patients and 20 normal controls in the Gene Expres-
sion Omnibus (GEO) database. Through differential gene 
expression analysis and machine learning, we compre-
hensively explored the expression, function, immune 
infiltration, and molecular regulation of MRGs. This 
research aimed to reveal the potential roles and molec-
ular mechanisms of DN, and validation was conducted 
in animal models to provide novel insights into clinical 
diagnosis and treatment approaches. In particular, the 
application of scRNA-seq technology has been applied 
to reveal the transcriptomic characteristics of different 
cellular subpopulations, further deepening our under-
standing of the cellular heterogeneity and potential path-
ological processes in DN. It has also clarified the roles of 
key genes in various cell subpopulations, providing new 
insights into the pathological mechanisms of DN.

Materials and methods
Data source
Three datasets related DN (GSE96804, GSE142025 and 
GSE131882) were sourced from the GEO database (​h​t​
t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​​m​.​n​i​​h​.​​g​o​v​/​g​d​s). Tissue samples from 
glomerular and renal biopsies were utilized in GSE96804 
(GPL17586) and GSE142025 (GPL20301) datasets, which 
contained 20 and nine control and 41 and 27 DN patients 
(Case), respectively. Moreover, the GSE131882 dataset 
(single-cell RNA sequencing (scRNA-seq), GPL24676) 
included three control and three case samples (kidney 
tissue).

Immune infiltration analysis and weighted gene 
co-expression network analysis (WGCNA)
To enhance our understanding of immune cell infiltration 
in the GSE96804 dataset, we evaluated the differences in 
the abundance of 36 immune cell types between the two 
groups using a single-sample Gene Set Enrichment Anal-
ysis (ssGSEA)-based approach, specifically employing the 
XCell immunedeconv computational tool (version 2.1.0) 
[13]. Next, samples in the GSE96804 dataset were clus-
tered using the full function of the WGCNA program 
(v1.71) [14] in order to eliminate outlier samples. Subse-
quently, the optimal soft threshold (β) was selected in the 
co-expression network to approach a scale-free distribu-
tion. After that, a cluster dendrogram was constructed 
using adjacency and similarity calculations. By establish-
ing a minimum module size of 100 for the genes dendro-
gram, a dynamic tree cutting technique was employed to 
acquire modules. The key modules identified exhibited a 
strong positive correlation with macrophages, M1 mac-
rophages, and a high negative correlation with M2 mac-
rophages, or conversely, a high negative correlation with 
macrophages and M1 macrophages alongside a strong 
positive correlation with M2 macrophages (|R|>0.3 and P 
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< 0.05). Ultimately, the genes within these modules were 
designated as modular genes for subsequent analyses.

Identification of differentially expressed macrophage-
related genes (DE-MRGs)
Initially, the limma package (v 3.52.4) [15] was imple-
mented to evaluate DEGs across case and control groups 
in the GSE96804 dataset. The significance threshold 
was set at |log2FC| ≧ 1 and p.adj < 0.05. The Benjamini-
Hochberg method was employed to correct the p-values 
for multiple comparisons, thereby controlling the false 
discovery rate. The ggplot2 (v 3.3.6) and heatmap3 (v 
1.1.9) were utilized to create volcano plots and heatmap 
revealing DEG expression [16, 17]. Finally, DEGs from 
case and control groups were merged with modular genes 
via UpSetR (v 1.4.0) to look for DE-MRGs in DN [18].

Chromosomal localization, protein-protein interactions 
(PPI) and Functional enrichment analyses in DE-MRGs
Chromosome localization analysis was carried out utiliz-
ing OmicCircos (v1.38.0) [19]to investigate the position 
of DE-MRGs in chromosomes. Meanwhile, DE-MRGs 
were subjected to Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes (KEGG) analyses with the clus-
terProfiler package (v 4.4.4) (p.adj < 0.05) [20]. Addition-
ally, through the Search Tool for Recurring Instances of 
Neighboring Genes database (STRING, ​h​t​t​p​s​:​/​/​s​t​r​i​n​g​-​d​b​.​
o​r​g​​​​​) [21], the PPI network of DE-MRGs was constructed. 
The interaction data was imported into the Cytoscape 
program (v 3.9.1) [22] for visualization. Furthermore, the 
impact of DE-MRGs was assessed by the following six 
techniques from the CytoHubba Plugin for Cytoscape: 
Maximum Clique Centrality (MCC), Maximum Neigh-
borhood Component (MNC), Degree, Edge Percolation 
Component (EPC), Closeness and Radiality. The overlap-
ping portion of the top20 for each algorithm was defined 
as candidate genes.

Least absolute shrinkage and selection operator (LASSO) 
and support vector machine-recursive feature elimination 
(SVM-RFE) screening for key genes
To obtain the key genes in GSE96804 dataset, we per-
formed machine learning screening which was based on 
candidate genes. First, the glmnet package (v4.1-4) [23] 
was employed to conduct LASSO regression analysis on 
candidate genes. Optimal regularisation parameters were 
determined through five-fold cross-validation, with the 
gene set corresponding to the minimum cross-validation 
error (lambda.min) ultimately selected as the LASSO 
screening result. Concurrently, the e1071 package (v1.7-
11) [24] was employed to implement Support Vector 
Machine Recursive Feature Elimination (SVM-RFE). 
Through an iterative process, genes contributing least to 
classification were progressively removed in each round, 

thereby refining the feature subset until the optimal gene 
combination was attained. Throughout this process, five-
fold cross-validation was employed to systematically 
evaluate the classification performance of gene subsets 
at each stage, thereby ensuring the robustness and reli-
ability of the selected gene combinations across varying 
data distributions. The resulting overlapped sections of 
the genes were designated as key genes. Then, the diag-
nostic effectiveness of the key genes was assessed by plot-
ting receiver operating characteristic (ROC) curves for 
GSE96804 and GSE142025 datasets independently using 
the pROC software (v1.18.0) (area under curve (AUC) > 
0.8) [25]. Additionally, groups in the two datasets were 
compared separately for the expression of key genes (P < 
0.05). Spearman’s correlation coefficient was calculated 
to explore the relationship between differential immune 
cells and key genes.

GSEA functional enrichment
GSEA enrichment analysis was performed to gain 
insights into the biological functions and signaling path-
ways associated with the key genes. To begin, correlations 
between key genes and other genes were calculated inde-
pendently and ranked from high to low via Spearman in 
GSE96804 dataset. Following that, using the GSEA func-
tion, the sorted genes were enriched in the KEGG back-
ground set, which downloaded by msigdbr ( v 7.5.1) (p.
adj < 0.05) [26].

Single-cell RNA sequencing data pre-processing
The Seurat program (v 4.3.0) was utilized for data front-
end processing and quality control on six samples that 
were derived from the GSE131882 dataset [27]. To sum-
marize, genes that met the requirements of having at 
least three cells with expression data, having more than 
200 detected genes (minimum number of cells = 3, mini-
mum number of features = 200), and meeting additional 
thresholds of gene count within cells ≤ 4000, total gene 
expression counts ≤ 50,000, and mitochondrial gene 
expression ≤ 20%. After centralizing the data, the top 
2000 (highly variable genes) with comparatively large 
intercellular coefficients of variation were selected using 
the vst method. The single-cell data were then integrated 
according to the common highly variable genes in each 
sample.

Cell clustering, annotation and expression assessment of 
key genes
Following the principal component inflection point 
charting and principal component analysis (PCA) 
replacement test, the JackStrawPlot function was also 
utilized to compare the distribution of p-values for each 
PC and the first 30 principal components (dims = 30) 
were chosen for data dimensionality reduction. And 
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unsupervised uniform manifold approximation and pro-
jection (UMAP) clustering analysis was performed on the 
filtered cells using the seurat package’s FindNeighbors 
and FindClusters functions (resolution = 0.8). Finally, cel-
lular annotation was accomplished using marker genes 
from the literature [28], following by an analysis of key 
gene expression differences between clusters.

Molecular regulation of key genes and drug prediction
To investigate the molecular regulatory mechanisms of 
key genes in DN, we built transcription factors (TFs)-
mRNA and competitive endogenous RNA (ceRNA) net-
works. MiRNet (https://www.mirnet.ca/) was used to 
predict TFs (degree ≧ 1) related with key genes based 
on the JASPAR database. To discover the key genes that 
might ultimately govern the miRNAs and lncRNAs, it 
was first necessary to satisfy both PITA and miRmap 
databases predicted at the same time, as well as clipEx-
pNum ≧ 10 and clipExpNum ≧ 20, respectively. Finally, 
potential drugs for key genes were obtained by analyzing 
in comparative toxicogenomics database (CTD; ​h​t​t​p​:​/​/​c​t​
d​b​a​s​e​.​o​r​g​/​​​​​)​. Network visualization were using Cytoscape 
(v3.9.1) [22].

DN rat models construction
Male SD rats aged 6 to 8 weeks were split into two groups 
at random (DN and control, each with 5 rats). The rats 
were purchased from Spfbiotech Co., Ltd. (Beijing) (Pro-
duction License No.: SCXK (Beijing) 2019-0010; Use 
License No.: SYXK (Yunnan) K2020-0006). All animal 
experiments received ethical clearance from the Ethics 
Committee of Shandong Provincial Third Hospital (ethi-
cal batch number: SYDW-SDLH-2024003) and were con-
ducted in meticulous adherence to the Guide for the Care 
and Use of Laboratory Animals. Following eight weeks of 
control and high-fat, high-sugar chow feeding, the rats 
received intraperitoneal injections of 60  mg/kg strepto-
zotocin (biosharp, BS185-100 mg) in the DN group and 
an equivalent quantity of saline in control group. Subse-
quently, we monitored body weight and blood glucose 
in each group of mice, as well as performed volume size 
measurements, Hematoxylin Erythropoietin (HE) stain-
ing, and quantitative reverse transcriptase polymerase 
chain reaction (qRT-PCR) assays on kidney tissues. At 
the experimental endpoint (8 weeks post-streptozotocin 
induction), rats were euthanized humanely. Animals 
were first anesthetized by intraperitoneal injection of 
pentobarbital sodium (40 mg/kg) to ensure unconscious-
ness (verified by lack of toe-pinch response and corneal 
reflex). Euthanasia was then performed via an overdose 
of pentobarbital sodium (100  mg/kg, intraperitoneal 
injection), inducing rapid cardiorespiratory arrest in 
accordance with AVMA Guidelines for the Euthanasia 
of Animals. Kidney tissues were immediately harvested 

for subsequent analyses, including HE staining and 
qRT-PCR.

HE staining
Kidney tissues were fixed in a 4% paraformaldehyde solu-
tion prior to undergoing dehydration, embedding, and 
sectioning.Following baking and deparaffinization, the 
tissues were rehydrated using an alcohol gradient. Stain-
ing was performed with hematoxylin for five minutes and 
eosin for a duration of 5 to 10 s, after which the samples 
were dehydrated, clarified, and sealed.

Quantitative reverse transcriptase polymerase chain 
reaction (qRT-PCR) detection of key genes
Using the TRIzol(invitrogen,15596018CN)reagent, RNA 
was extracted from each set of kindey tissue sample. The 
procedures included RNA precipitation, cleaning, dis-
solution, quality assessment, and sample cDNA synthe-
sis. Transcript in reverse: 25  °C, 5  min; 55  °C, 15  min; 
85 °C, 5 min. The key genes were amplified in accordance 
with the SweScript-First-strand-cDNA-synthesis-kit’s 
(Servicebio,

G3336-50) instructions. Predenaturation at 95  °C for 
5 min, denaturation at 94 °C for 10 s, annealing at 60 °C 
for 30 s, and 40 cycles comprised the amplification pro-
cess. Using the 2−ΔΔCT technique, the expression of key 
genes for each sample was standardized to GAPDH. In 
Table S1, the primer sequence was displayed.

Statistical analysis
All bioinformatics analyses were executed using R soft-
ware. The Wilcoxon test was employed to conduct com-
parisons between different groups. A p-value of less than 
0.05 was deemed statistically significant.

Results
There were 8,935 modular genes related with 
macrophages in DN
In GSE96804 dataset, range of analyses were imple-
mented to identify genes linked with macrophages. At 
the start, immune infiltration analysis revealed significant 
changes in the relative composition of 18 immune cells 
and 2 scores between case and control samples (Fig. 1A). 
Among these, neutrophils, M2 macrophages and 
T-helper type 1 (Th1) had larger content in control group 
than in the case group, nevertheless the remainder of the 
immune cells and scores exhibited opposite tendencies. 
Focusing on the three types of macrophages we discov-
ered that M1 macrophages and macrophages were con-
siderably higher in the case group, yet M2 macrophages 
were much lower (Fig. 1B).

Then, with three different types of macrophages as 
traits, we executed the WGCNA. The sample clustering 
findings demonstrated that there were no outlier samples 
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Fig. 1  Modular genes related with macrophages in DN. A-B. Immune infiltration analysis comparing the relative composition of 18 immune cells and 
two scores between case and control samples. C. Sample dendrogram and trait heatmap. D.Scale-free fit index and network connectivity under different 
soft thresholds. E-F. Clustering of module eigengenes and hierarchical clustering of genes. G. Heatmap showing the correlation between gene modules 
and macrophage characteristics.
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(Fig.  1C). When the soft threshold was set to 6, inter-
acting genes suited the scale-free distribution the best 
(Fig.  1D). The dynamic tree-cutting technique yielded a 
total of 12 modules (Fig. 1E and F). Modules MEbrown 
(2,399) and MEturquoise (6,536) were chosen as key 
modules, and 8,935 genes classified as module genes 
(Fig. 1G).

Autosomal-localized 127 DE-MRGs may be crucial 
regulators of DN
In the GSE96804 dataset, differential expression analy-
sis yielded 644 DEGs when comparing case and control 
samples, consisting of 306 upregulated and 338 downreg-
ulated genes (Fig. 2A and B). Whereafter, DEGs between 
case and control groups were overlapped with 8,935 
module genes, yielding 127 DE-MRGs (Fig. 2C).

The distribution of all 127 DE-MRGs in autosomes 
was revealed by Chromosomal localization (Fig.  2D). 
Then, in order to analyze the pathogenic and functional 
pathways of 127 DE-MRGs, GO and KEGG enrichment 
were examined. According to GO functional enrichment 
analysis, DE-MRGs were primarily enriched in collagen-
containing extracellular matrix and external encapsulat-
ing structure organization (Fig.  2E). In accordance with 
the KEGG analysis, DE-MRGs were mainly abundant 
in AGE-RAGE signaling pathway, Chemokine signaling 
pathway and the PI3K-Akt signaling pathway, (Fig. 2F).

Ultimately, we looked for connections between the pro-
teins corresponding to 127 genes, and observed among 
them, COL1A2-LUM and IGF1-IGFBP6 exhibited the 
greatest binding indices (Fig. 2G). Furthermore, after fil-
tering by six algorithms of Cytoscape’s cytoHubba plu-
gin, we identified 15 genes that appeared in the top 20 of 
each algorithm and designated them as candidate genes 
(Fig. 2H).

LUM, FBN1, COL15A1, and LOX were key genes for DN
We subsequently employed machine learning algo-
rithms to scan for key genes in DN. When lambda.
min = 0.009, we acquire six feature genes and the LASSO 
error was minimized (Fig. 3A and B). Similar to this, we 
obtain eight feature genes at the point where the SVM-
RFE model error was lowest (Fig.  3C). The intersection 
of feature genes from both machine learning methods 
yielded four key genes: LUM, FBN1, COL15A1, and LOX 
(Fig.  3D). Furthermore, the AUC values of the four key 
genes in the GSE96804 and GSE142025 datasets were all 
greater than 0.8, demonstrated that they had favorable 
diagnostic capabilities for DN (Fig.  3E and F). Mean-
while, gene expression was considerably distinct between 
groups and trended in the same direction, with LUM, 
FBN1, and COL15A1 up-regulated and LOX down-regu-
lated in the case group (Fig. 3G and H).

All of the key genes were involved in oxidative 
phosphorylation
Following a correlation analysis between differential 
immune cells and key genes, it was demonstrated that 
four key genes had a strong association with the follow-
ing: macrophage, granulocyte-monocyte progenitor, 
activated myeloid dendritic cell, myeloid dendritic cell, 
and cancer linked fibroblast (Fig. 4A). Moreover, the key 
genes were primarily associated with oxidative phos-
phorylation and cytokine-cytokine receptor interaction, 
according to the GSEA enrichment data (Fig. 4B and E).

The 13 cell populations in the DN were determined by 
scRNA-seq
Following data normalization and filtering to eliminate 
low-quality cells and genes, a total of 25,733 genes and 
22,667 cells were detected (Fig.  5A and S1-S8). Sub-
sequently, PCA downscaling indicated the absence of 
outliers and abnormal cells (Figs.  5B and S9-S10). After 
UMAP clustering, it was discovered that all samples were 
classified into 22 clusters, which comprised 13 cell popu-
lations after maker gene annotation (Fig. 5C and D, Table 
S2). At last, our analysis of key gene expression in distinct 
cell populations revealed that LUM expression was ele-
vated in the MES; FBN1 expression was elevated in both 
the MES and ENDO; COL15A1 expression was elevated 
in the ENDO; LOX expression was elevated in PODO 
expression (Fig. 5E).

FOXC1 was an essential TF that simultaneously regulates 
four key genes
Relevant regulatory networks were built in order to com-
prehend the molecular mechanisms by which key genes 
modulate DN. Initially, we identified 33 transcription fac-
tors (TFs), among which FOXC1 was an essential one that 
simultaneously regulates four key genes (Fig.  6A, Table 
S3). In addition, we built the ceRNA network, which 
included 37 lncRNAs, 27 miRNAs, and 4 key genes, such 
as FBN1-hsa-miR-362-3p-KCNQ1OT1, LOX-hsa-miR-
876-5p-NEAT1 (Fig. 6B, Table S4). Lastly, we recognized 
28 chemicals in the CTD database that we projected 
may either enhance the expression of LOX or reduce the 
expression of FBN1, COL15A1, and LUM. Among these, 
dexamethasone may have an effect on LOX, COL15A1, 
and LUM simultaneously (Fig. 6C, Table S5).

Remarkable structural changes to the kidneys in DN rats
To detect the expression of key genes, we created a DN 
rat model (Fig.  7A). The results showed that the rats in 
DN group began to weigh more than the control group 
on day 36, and following the streptozotocin interven-
tion, the weight began to decline (Fig.  7B). Meanwhile, 
before the intervention, the blood glucose of both groups 
of mice stayed between 3 and 7 mmol/L, and after the 
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Fig. 2  Differentially expressed gene (DEG) identification of DN and enrichment analysis. A-B. Identification of DEGs between case and control samples. C. 
Overlap of DEGs between case and control groups with module genes (DE-MRGs). D.The distribution of all DE-MRGs in autosomes. E-F. GO (E), KEGG (F) 
enrichment landscape of the DE-MRGs. G. The PPI network of the DE-MRGs constructed using the STRING online tool.H.Fifteen candidate genes identified 
by six algorithms from Cytoscape’s cytoHubba plugin
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Fig. 3 (See legend on next page.)
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intervention with streptozotocin, the blood glucose of 
rats in the DN group increased dramatically (Fig.  7C). 
Staining outcomes from kidneys pathology sections 
revealed that the glomeruli of the control group were 
morphologically structured and aligned, yet the glom-
eruli of the DN group were hardened and chaotic, with 
an increase in inflammatory cells (Fig. 7D). Finally, with 
the exception of LOX, qRT-PCR outcomes for the other 
three key genes agreed with the dataset’s general trend 
(Fig. 7E).

Discussion
Diabetic nephropathy (DN) represents one of the most 
prevalent and severe chronic microvascular complica-
tions associated with diabetes, characterized by exces-
sive extracellular matrix (ECM) accumulation that results 
in basement membrane thickening, mesangial expan-
sion, and interstitial fibrosis within renal tubules [29]. 
Recent investigations have highlighted the significant 
role of macrophages in the initiation and progression 
of DN. Elevated glucose levels and advanced glycation 
end products (AGEs) have been shown to enhance the 
expression of adhesion molecules, cytokines, and chemo-
kines in renal podocytes, mesangial cells, and epithelial 
cells, thereby facilitating the recruitment and activation 
of macrophages [30]. The activation of both resident 
and infiltrating macrophages within the context of DN 
may exacerbate inflammatory processes and contribute 
to fibrosis in both the glomeruli and interstitium [31]. 
Renal biopsies obtained from patients have consistently 
demonstrated the presence of macrophages within the 
interstitium and glomeruli at various stages of DN [12]. 
The pathophysiological mechanisms of DN are complex 
and heterogeneous [32], current research on the mecha-
nisms by which macrophages influence DN is still incom-
plete, and many studies have focused on cases where the 
disease has already progressed to later stages Therefore, 
this study aims to investigate the key macrophage genes 
related to diabetic nephropathy, explore their underlying 
mechanisms, and provide clues for the early clinical diag-
nosis and intervention strategies of diabetic nephropathy.

Our findings revealed that the levels of neutrophils, M2 
macrophages, and Th1 cells were significantly elevated in 
the control group compared to the DN group, while other 
immune cells and scores exhibited the opposite trend. 
Specifically, M1 macrophages were significantly elevated 
in the case group, while M2 macrophages were much 
lower. This observation aligns with previous research 

indicating that M1 macrophages are recruited to the 
renal tissue during the initial phases of DN, corroborating 
the assertion that the M1/M2 macrophage ratio peaks at 
earlier stages of the disease [33]. Functional enrichment 
analysis via Gene Ontology (GO) highlighted that DE-
MRGs were predominantly associated with chemokine 
receptor binding, extracellular matrix organization, and 
response to transforming growth factor β (TGF-β). The 
chemokine stromal cell-derived factor-1 can bind to its 
receptor, affecting the progression of DN [34]. It is well 
known that extracellular matrix accumulation-induced 
tubular interstitial fibrosis is one of the pathological fea-
tures of DN [35]. Meanwhile, activation of the TGF-β 
signaling pathway can lead to increased proliferation of 
renal cells and enhanced extracellular matrix synthesis, 
subsequently resulting in glomerulosclerosis and tubular 
interstitial fibrosis [36]. In KEGG analysis, 14 functional 
pathways were identified as enriched, including the AGE-
RAGE signaling pathway in diabetic complications and 
PI3K-Akt signaling pathway, both of which have been 
validated as critical in DN. These pathways instigate a 
cascade of inflammatory responses and oxidative stress, 
adversely affecting renal cell functionality and thereby 
facilitating the development of DN [37, 38]. This indi-
cated that the DEGs related to macrophages may influ-
ence the onset and progression of DN by participating in 
the aforementioned pathways.

By constructing a protein interaction network and 
combining multiple screening methods such as LASSO 
and SVM-RFE, as well as various algorithms, we identi-
fied the key genes for this study: LUM, FBN1, COL15A1, 
and LOX. The mean AUC values all exceeded 0.8, indi-
cating good predictive efficacy. Among them, Lumican 
(LUM) is a structural and functional component of the 
extracellular matrix (ECM) and belongs to leucine-rich 
proteoglycans [39]. Previous studies have shown that 
in human renal tubular epithelial cells cultured under 
high glucose conditions, the expression level of LUM 
increases, suggesting that it may be involved in the fibro-
sis process of diabetic nephropathy (DN) [40]. The single-
cell analysis in this study further revealed that LUM is 
significantly upregulated in fibroblasts, suggesting that it 
may regulate the phenotype and function of fibroblasts to 
promote the progression of kidney fibrosis. Additionally, 
LUM also plays an important role in immune cell infiltra-
tion. The study found that its expression level is signifi-
cantly positively correlated with the infiltration degree 
of macrophages (especially M1-type macrophages). 

(See figure on previous page.)
Fig. 3  Employed machine learning algorithms to scan for key genes in DN. A-B. Least operator shrinkage and selection operator (LASSO) logistic regres-
sion was used to screen key genes. C. Identification of eight feature genes based on the point where the SVM-RFE model error was lowest. D. Upset dia-
gram showing the intersection feature variables filtered by the the two machine learning techniques.E-F Receiver operating characteristic (ROC) curves 
assessing the diagnostic efficacy of four key genes in the GSE96804 and GSE142025 datasets.G-H Analysis of the expression of four key genes based on 
the GSE96804 and GSE142025 datasets
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Research literature indicates that the co-stimulation of 
LUM and LPS can promote the activation of primary 
macrophages and drive their polarization towards the 
M1-like phenotype [41], suggesting that LUM may reg-
ulate the chemotaxis, activation, and polarization pro-
cesses of macrophages, enhancing the local inflammatory 
response in the kidney, and thereby promoting the devel-
opment of diabetic nephropathy.

The gene encoding Collagen Alpha-1(XV) chain 
(COL15A1) is responsible for synthesizing the α-chain of 
type XV collagen, predominantly produced by mesenchy-
mal-derived cells. While type XV collagen is dispersed 
across various tissues, its expression is most pronounced 
in the basement membrane region [42]. The enrichment 
of collagen COL15A1 can lead to the remodeling of the 
ECM, resulting in ECM fibrosis [43]. Such alterations in 
the ECM components within renal tissue may contribute 

to an increase in both the thickness of the glomeru-
lar basement membrane and interstitial fibrosis within 
renal tubules. Additionally, COL15A1 may participate in 
inflammation and immune regulation, potentially affect-
ing the infiltration and activation of inflammatory cells in 
kidney tissue, where chronic inflammation is often asso-
ciated with DN [44].

Fibrillin (FBN1) is a glycoprotein of the ECM that acts 
as a structural element of calcium-binding microfibrils, 
playing a crucial role in maintaining structural integ-
rity in both elastic and non-elastic connective tissues 
throughout the organism [45]. The aberrant expression 
of FBN1 has been associated with the development of 
various human diseases, such as cancer, cardiovascu-
lar disorders, and renal diseases [45]. Earlier research 
employing proteomic analysis of ECM proteins in fibrotic 
kidneys demonstrated a significant upregulation of FBN1 

Fig. 4  Correlation analysis and GSEA enrichment analysis of the key genes. A. Correlation analysis between differential immune cells and key genes. B-E. 
The GSEA enrichment analysis was used to predict the KEGG downstream pathway of key genes. 
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in decellularized kidney tissue scaffolds derived from 
chronic kidney disease (CKD) patients. This observation 
indicates that FBN1 is a major component of the fibrotic 
microenvironment in diseased kidneys [46]. In gastric 
cancer samples, elevated FBN1 expression was shown to 
activate the TGF-β1 and PI3K/Akt signaling pathways, 
thereby promoting cell proliferation and tumor advance-
ment [47]. Although FBN1 does not directly interact with 
TGF-β, it is involved in regulating TGF-β activity [48]. 
The aforementioned studies align with the outcomes 

of the current study, suggesting that FBN1 may be an 
important factor contributing to fibrogenesis in DN.

Lysyl oxidase (LOX), a member of the LOX fam-
ily, is pivotal in catalyzing reactions necessary for ECM 
assembly [49]. A study found that serum LOX levels in 
patients with renal fibrosis were higher than those in 
patients without renal fibrosis, and both serum and tis-
sue LOX levels were associated with the presence and 
extent of renal fibrosis in CKD patients [50]. A recent 
study revealed that serum LOX levels were significantly 

Fig. 5  Identification of 13 cell populations in the DN using scRNA-seq. A. Following data normalization and filtering to eliminate low-quality cells and 
genes, a total of 25,733 genes and 22,667 cells were detected. B. PCA dimensionality reduction showed no outliers or abnormal cells. C-D. All samples 
were classified into 22 clusters after UMAP clustering, which comprised 13 cell populations based on marker gene expression. E. Expression analysis of 
key genes in distinct cell populations
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elevated in cases of diabetes and DN, positively corre-
lating with blood glucose status and negatively correlat-
ing with estimated glomerular filtration rate (eGFR). It 
is worth noting that this study further revealed through 
single-cell analysis that LOX is highly expressed in 
podocytes, suggesting that it may play a specific role in 
the function of podocytes [51]. We speculate that LOX 
may mediate ECM cross-linking to alter the mechanical 
properties and permeability of the glomerular basement 
membrane, affecting the adhesion and morphology main-
tenance of podocytes, and thereby leading to dysfunction 

of the filtration barrier [52, 53]. However, this causal rela-
tionship still needs to be further verified.

It is essential to highlight that any bioinformatics analy-
sis must undergo validation through experimental meth-
ods. Thus, we constructed a spontaneous DN model. 
RT-qPCR results indicated that the mRNA expression 
levels of LUM, FBN1, and COL15A1 in the kidneys of 
DN model rats were elevated to the control group, align-
ing with the findings from bioinformatics analysis and 
signifying that these three key genes merit additional 
exploration. However, the expression of the LOX gene 

Fig. 6  Construction of related regulatory networks. A. Identified the transcription factors (TFs) that regulates four key genes. B. Construction of ceRNA 
network, which included 37 lncRNAs, 27 miRNAs, and 4 key genes. C. Recognized the chemicals in the CTD database which may either enhance the 
expression of LOX or reduce the expression of FBN1, COL15A1, and LUM
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Fig. 7  Validation of key genes in animal experiments. A. Created a DN rat model to detect the expression of key genes. B-C. Changes in body weight and 
blood glucose in model and control groups. D. Staining outcomes of kidneys pathology sections. E. The expression levels of LUM, FBN1, COL15A1 and 
LOX were detected by RTssssss-qPCR
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showed an increasing trend in the DN model rats, which 
was inconsistent with the results of bioinformatics analy-
sis. This difference may be due to various reasons. Firstly, 
the expression of LOX may have a phased characteristic. 
The rat model induced by STZ used in this study is an 
acute, severe hyperglycemia model, aiming to quickly 
simulate the late characteristics of DN, while the samples 
in the human GEO dataset used in the study cover the 
patient groups with DN from early to late stages, with a 
more gradual and heterogeneous pathological process. 
LOX may be upregulated as a repair response in the early 
stage or acute injury period of the disease to promote 
extracellular matrix (ECM) cross-linking and maintain 
tissue integrity [53, 54]; while in the chronic, late fibro-
sis stage, the continuous abnormal remodeling of ECM 
may lead to its feedback downregulation. Secondly, spe-
cies differences may also be an important factor causing 
the inconsistent results. The rat model and humans may 
have essential differences in gene regulation and patho-
logical responses. Therefore, future studies need to com-
bine longitudinal clinical cohort studies to dynamically 
monitor the association between LOX expression and the 
pathological progression and prognosis of DN, in order 
to clarify its complex role and regulatory mechanism in 
diabetic nephropathy.

To understand the biological functions and signaling 
pathways associated with pivotal genes, we conducted 
GSEA. The analysis revealed that these key genes are 
predominantly enriched in the PPAR signaling path-
way, insulin signaling pathway, and the leukocyte tran-
sendothelial migration pathway.Abnormalities in the 
PPAR signaling pathway may affect the metabolism and 
inflammatory responses of kidney cells [55]. Dysregula-
tion of the insulin signaling pathway could impair kidney 
cells’ uptake and utilization of glucose, leading to dam-
age under hyperglycemic conditions [56]. Additionally, 
the infiltration and activation of leukocytes in kidney 
tissue can cause damage to the glomerular basement 
membrane and glomerular epithelial cells, promoting the 
development of renal tubular interstitial fibrosis and ulti-
mately resulting in a gradual loss of kidney function [57]. 
These pathways are intricately linked to the onset and 
progression of DN and may be modulated by the genes 
LUM, FBN1, COL15A1, and LOX.

We utilized XCell to quantified the relative abundance 
of 36 immune cell types and three scores, assessing the 
significance of differences between groups and the cor-
relations with key genes. The relative abundance of 18 
immune cell types and two scores exhibited significant 
variations between the groups (p < 0.05). Specifically, 
with the exception of M2 macrophages, neutrophils, and 
CD4+ Th1 T cells, which were found to be more preva-
lent in the control group, all other immune cells and 
scores were diminished in the case group. Additionally, 

the four key genes showed strong correlations with acti-
vated myeloid dendritic cells, myeloid dendritic cells, 
cancer-associated fibroblasts, granulocyte-monocyte 
progenitors, and macrophages. Research has shown 
that activated myeloid dendritic cells can secrete large 
amounts of pro-inflammatory cytokines, such as TNF-
α, which prompts endothelial cells to express adhesion 
molecules, thereby facilitating leukocyte infiltration. 
Meanwhile, IL-1β can stimulate kidney cells to produce 
more inflammatory mediators, exacerbating kidney dam-
age [58, 59]. CD4+T cells may overly differentiate toward 
Th1 or Th17 cell subpopulations, leading to a dominance 
of cytokines secreted by these two subpopulations, while 
the function of regulatory T cells (Tregs) is relatively sup-
pressed. This imbalance in immune regulation can result 
in a persistent inflammatory response that cannot be 
effectively terminated, thus accelerating the advancement 
of DN [60].

To construct the molecular mechanism related to the 
regulation of diabetic nephropathy (DN), we predicted 
the transcription factors (TFs) related to key genes using 
the network database. A total of 33 transcription factors 
were identified. Among them, Forkhead Box C1 (FOXC1) 
acts as a key regulatory factor and affects four core genes 
simultaneously. Previous studies have suggested that the 
regulatory axis composed of IL-17, FOS, FOXC1, and 
HMMR may affect the development of diabetic nephrop-
athy (DN) [61]. We speculate that in the high glucose 
microenvironment of DN, the transcription factor 
FOXC1 may be activated [62, 63], hereby regulating the 
expression of LUM, FBN1, COL15A1, and LOX. Among 
them, high expression of LUM, FBN1, and COL15A1 
may jointly promote abnormal extracellular matrix 
accumulation and fibrosis process [40, 43, 46]; while the 
downregulation of LOX may damage the normal cross-
linking and structural integrity of ECM [64]. These ECM 
disorders may further recruit and polarize macrophages 
through signal pathways such as AGE-RAGE, PI3K-
Akt, etc., exacerbating local inflammation and oxidative 
stress, forming a vicious cycle, and ultimately promoting 
DN to progress to renal fibrosis [65–68]. However, the 
causal relationship between the above regulatory net-
work and the progression of DN has not been fully clari-
fied. Further experiments such as in vivo gene editing, 
cell-specific knockout/overexpression, and clinical sam-
ple verification are still needed to systematically explore 
the dynamic regulatory role of key genes in DN at differ-
ent stages and cell types, in order to clarify their potential 
as early diagnostic markers or therapeutic targets.

In addition, this study screened 28 chemical sub-
stances from the CTD database that may act on key 
genes. Among them, dexamethasone was predicted 
to target LOX, COL15A1, and LUM. Previous studies 
have shown that dexamethasone can inhibit NF-κB and 
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other signaling pathways, down-regulate the transcrip-
tion of inflammatory factors such as TNF-α, IL-1β, and 
IL-6, thereby exerting anti-inflammatory and immu-
nomodulatory effects [69, 70]. However, long-term or 
high-dose use of glucocorticoids may cause metabolic 
disorders such as hyperglycemia, hyperlipidemia, and 
insulin resistance [71], and these side effects may mask 
its anti-inflammatory effects and even accelerate the 
progression of diabetic complications. It is worth not-
ing that in addition to dexamethasone, valproic acid was 
also predicted to simultaneously target LOX and FBN1. 
Existing research has shown that valproic acid can allevi-
ate cellular senescence in diabetic nephropathy by inhib-
iting the complement C5a receptor [72], improve insulin 
resistance in type 2 diabetic rats [73], and alleviate dia-
betic renal injury by inhibiting the apoptosis pathway 
related to endoplasmic reticulum stress [74]. These find-
ings suggest that valproic acid may exert renal protective 
effects through multiple mechanisms. Future research 
can further focus on whether valproic acid affects the 
recruitment, polarization, and function of macrophages 
by regulating the expression of LOX and FBN1, thereby 
regulating the inflammatory and fibrotic processes in 
the kidneys, in order to provide safer and more targeted 
treatment strategies for diabetic nephropathy.

Although this study identified key genes (LUM, FBN1, 
COL15A1, and LOX) closely related to the progression 
of DN based on macrophage-related genes and analyzed 
the potential molecular mechanisms between these genes 
and DN, there are still some limitations.

Firstly, although this study integrated data from public 
databases, due to the sample size and the detailed clini-
cal pathological information at the individual level, the 
analysis results have certain heterogeneity. Secondly, the 
core findings are based on human transcriptome data, 
while the animal model validation was only conducted 
in rats. The differences in genetic background and dis-
ease progression between species may be the reason for 
the inconsistency of some results. Moreover, diabetic 
nephropathy is essentially a highly heterogeneous dis-
ease syndrome. In this study, it was analyzed as a whole, 
which may simultaneously include gene signals related to 
the early inflammatory stage and the late fibrosis stage. 
Therefore, it is difficult to precisely distinguish the driv-
ing molecular events at different stages of the disease. 
Finally, the main conclusion of this study stems from 
bioinformatics analysis. The main contribution lies in 
providing insights into hypothesis generation and pro-
viding target clues for subsequent research, rather than 
direct clinical applications. Therefore, in the future, it 
is necessary to expand the clinical sample size, system-
atically include patients at different pathological stages, 
and integrate molecular typing information for stratified 
analysis to identify key molecular events driving different 

subtypes or progression stages of diabetes nephropathy, 
promoting the development of precise diagnosis and 
treatment for diabetes nephropathy. At the same time, 
longitudinal multi-omics integration analysis should be 
carried out to reveal the association between the expres-
sion dynamics of genes such as LUM, FBN1, COL15A1, 
and LOX and the disease evolution trajectory. In addi-
tion, functional experiments such as gene editing and 
cell co-culture in vitro and in vivo should be systemati-
cally conducted to verify the effects of these genes on the 
intrinsic cells and macrophage functions of the kidneys, 
and further combine spatial transcriptomics and other 
technologies to deeply analyze the regulatory network 
and interaction relationships of these genes in the renal 
microenvironment. These efforts will provide important 
basis for subsequent mechanism research, biomarker 
development, and targeted treatment strategies, promot-
ing the clinical translation of the research findings.

Conclusion
In conclusion, through an extensive and systematic bio-
informatics approach complemented by animal experi-
mentation, we have identified LUM, FBN1, COL15A1, 
and LOX as pivotal macrophage-associated genes in DN. 
These results are expected to yield significant insights 
that will enhance early diagnostic and therapeutic strate-
gies for DN.
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