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New insights into diagnostic values and mechanisms of ferroptosis
associated with immune infiltration in diabetic kidney disease
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Abstract. The pathogenesis of diabetic kidney disease (DKD)
is complex and closely related to ferroptosis and immune
dysregulation, but the relevance is unclear. The present study
investigates the potential mechanisms of ferroptosis-related
genes (FRGs) in DKD and their relationship with the
immune-inflammatory response. It searches for new diag-
nostic biomarkers to help diagnose and treat DKD. Four Gene
Expression Omnibus (GEO) datasets, GSE30528, GSE30529
and GSE30122 as the test set, and GSE96804 for valida-
tion, were analyzed. FRGs were obtained from GeneCards,
and 47 ferroptosis-related differentially expressed genes
(FRDEGs) were identified by intersecting with DKD-related
differentially expressed genes. Functional enrichment
analyses, including Gene Ontology, Kyoto Encyclopedia of
Genes and Genomes, Gene Set Enrichment Analysis and
Gene Set Variation Analysis, revealed that these FRDEGs
are primarily associated with ferroptosis, hypoxia response
and immune inflammation. Subsequently, the weighted gene
co-expression network analysis (WGCNA) was employed to
expand the ferroptosis-related gene network, and intersection
of the 47 FRDEGs with key WGCNA module genes yielded
10 key genes. Based on the 10 key genes, the least absolute
shrinkage and selection operator and support vector machine
algorithms identified three hub genes [chemokine ligand 5
(CCL5), forkhead box C1 (FOXCI1) and lactotransferrin
(LTF)] for DKD diagnosis. Receiver operating characteristic
curves confirmed their diagnostic value, with FOXCI1 and
LTF validated in the independent dataset. Immune infiltration
analysis via CIBERSORT revealed eight immune cell types
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with significantly different infiltration levels between the DKD
and control group in the integrated GEO datasets. Notably,
both LTF and CCL5 showed a significant positive correlation
with gamma delta T cells (y0T). Quantitative PCR results
confirmed differential expression of the three hub genes in the
DKD group, with elevated expression observed in DKD mice
following intervention with rosiglitazone and hyperoside.

Introduction

Diabetic kidney disease (DKD) is one of the most serious
microvascular complications of diabetes mellitus, with its
incidence steadily rising and has become the primary cause
of end-stage kidney disease (ESKD) in Europe, the United
States, and Asian countries (1,2). Despite the evidence from
several randomized controlled trials demonstrating the effi-
cacy of renin-angiotensin system inhibitors, sodium-glucose
cotransporter 2 inhibitors, and non-steroidal mineralocorti-
coid receptor antagonists in reducing renal endpoints, there
remains a persistent risk of DKD progression. The incidence of
DKD and resulting ESKD is still on the rise, and the available
Western medical treatments have not yet led to an inflection
point in the occurrence and progression of DKD. Once DKD
has progressed to severe renal insufficiency, it is considered
an irreversible and extremely high-risk stage; therefore, there
is a pressing need to continually investigate more sensitive
biomarkers for the diagnosis and intervention of DKD.
Ferroptosis, a form of iron-dependent cell death driven
by lipid peroxidation discovered in 2012, is caused by an
imbalance in cellular redox homeostasis, leading to massive
lipid peroxidation and eventual accumulation of excess
iron-dependent lipid hydroperoxides to lethal levels, which in
turn causes intracellular mitochondrial atrophy, an increase in
the density of bilayers, and a decrease in or disappearance of
the mitochondrial cristae (3). It is widely investigated in the
fields of oncology, heart failure and neurological diseases (4).
Since the presence of ferroptosis in DKD was first reported in
2020 (5), a growing amount of research evidence suggests that
ferroptosis is an essential driver in the development of DKD,
which can damage a wide range of renal intrinsic cells and
reduce renal function (6). Additionally, inhibition of ferrop-
tosis can effectively delay the development of renal lesions
in diabetic mice (4). The pathogenesis of DKD is complex
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and involves multiple pathways, such as metabolic disorders,
hemodynamic abnormalities, inflammation and fibrosis reac-
tions, oxidative stress and cell death (7). However, the exact
mechanism remains unclear. Previous studies have primarily
focused on metabolic and hemodynamic changes (8), but
increasing evidence suggests that immune disorders and
inflammatory responses play a crucial role in the occurrence
and progression of DKD (9). Recently, it has also been shown
that ferroptosis can trigger kidney injury through an immune
cell-mediated inflammatory response (10), and monitoring the
degree of kidney immune infiltration and inflammation may
guide clinical decision-making. However, the mechanisms
underlying abnormal iron metabolism and immune inflamma-
tion in DKD remain unclear.

In the present study, bioinformatics technology was used to
screen differentially expressed genes (DEGs) associated with
ferroptosis in DKD and reveal the biological functions and
signal transduction pathways they are involved in, as well as
to obtain key genes by combining WGCNA. Hub genes were
obtained based on key genes to construct and validate the
DKD diagnostic model. The correlation between hub genes
and immune infiltration was also explored. The results of the
present study would help provide new ideas for the pathogen-
esis of DKD and new molecular targets for the treatment of
DKD.

Materials and methods

Microarray dataset collection and data process. The
DKD-related datasets GSE30528 (11), GSE30529 (11),
GSE30122 (11,12) and GSE96804 (13,14) were downloaded
from the GEO database via the R package GEOquery (15),
in which the datasets GSE30528, GSE30529 and GSE30122
served as the test set and the dataset GSE96804 served as
the validation set. All DKD samples and control samples
were included in the present study. The characteristics of
these datasets are listed in Table SI. The R package sva (16)
was used to de-batch the datasets GSE30528, GSE30529
and GSE30122 to obtain the combined GEO datasets, which
contained 19 DKD samples and 50 control samples. Finally,
the combined GEO datasets and dataset GSE96804 were
subjected to normalization using the R package limma (17),
along with annotation of probes and other standardization and
normalization procedures.

Ferroptosis-related genes (FRGs) were collected from
the GeneCards database by searching for ‘ferroptosis’ and
retaining only those categorized as ‘Protein Coding’, yielding
654 FRGs (18). Additionally, a systematic literature search on
PubMed using the keyword ‘ferroptosis’ was performed, and
FRGs with at least one in vitro or in vivo experimental valida-
tion reported in peer-reviewed publications were manually
curated, yielding 60 FRGs (19). After merging and removing
duplicates, a final set of 667 FRGs was obtained (Table SII).
The data processing flowchart is depicted in Fig. 1.

Ferroptosis-related differentially expressed genes (FRDEGs)
screening. The R package limma (17) was utilized to analyze
the gene expression differences between the DKD and control
samples. A threshold of llogFCI>0.0 and adj. P<0.05 was
established to identify DEGs, with the intent of maximizing

the capture of FRGs exhibiting statistically significant changes
in DKD. This initial screening strategy was subsequently
complemented by multi-step stringent filtering to ensure the
robustness of the final diagnostic biomarkers. Specifically,
genes with logFC >0.0 and adj. P<0.05 were considered
upregulated, while genes with logFC <0.0 and adj. P<0.05
were deemed downregulated. Subsequently, the DEGs were
intersected with FRGs to obtain FRDEGs. The R package
ggplot2 demonstrated the results of the differential analysis
for volcano mapping.

Gene set enrichment and variation analysis. To determine the
effect of expression levels of all genes in the combined GEO
datasets on DKD, gene set enrichment analysis (GSEA) (20)
and gene set variation analysis (GSVA) (21) were performed to
explore the differences in pathways and biological processes
of the samples in the combined GEO datasets. The c2.all.
v7.5.1.symbols.gmt gene set for GSEA and GSVA was obtained
from the Molecular Signatures Database (MSigDB) data-
base (22). The screening criteria for GSEA were adj. P<0.05
and FDR value (g-value) <0.25, and the screening criteria for
GSVA were llogFCI>0.50 and P<0.05.

Gene ontology (GO) and kyoto encyclopedia of genes and
genomes (KEGG) enrichment analysis. GO analysis (23) is
essential for exploring biological function, including biological
process (BP), cellular component (CC) and molecular func-
tion (MF). The KEGG (24) is a widely used database storing
information about genomes, biological pathways diseases and
drugs and is often used to explore potential pathways. GO
and KEGG analysis of FRDEGs were performed using the
R package clusterProfiler (25), with screening criteria of adj.
P<0.05 and FDR value (g-value) <0.25 considered statistically
significant, and adj.p correction by Benjamini-Hochberg.

Weighted gene co-expression network analysis (WGCNA). In
order to screen the co-expression modules of the combined
GEO datasets and analyze the core genes in the network,
WGCNA was performed on the genes in the top 25% of the
variance of all samples in the combined GEO datasets using
the R package WGCNA package (26). During the process, the
correlation of both DKD and control groups with different
modules was measured, and the genes in each module were
recorded, where the genes in each module were considered
module signature genes. Finally, the modules with Ir valuel
>0.30 were screened, and all the genes in the modules were
intersected with FRDEGs respectively. All the intersected
genes obtained from the different modules were the key genes.

Construction and verification of the DKD diagnostic model.
In order to obtain the DKD diagnostic model of combined
GEO datasets, the key genes were screened with P<0.05.
Subsequently, a logistic regression model was constructed,
and the molecular expression of the key genes included in
this model was illustrated using a Forest Plot. Furthermore,
Least Absolute Shrinkage and Selection Operator (LASSO)
regression analysis was performed on the selected key
genes included in the logistic regression model using the R
package glmnet (27), with the parameter set.seed ‘500’. The
outcomes of the LASSO regression analysis were visually
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Figure 1. Flow chart for the comprehensive analysis of FRDEGs. DKD, diabetic kidney disease; DEGs, differentially expressed genes; FRGs, ferroptosis-related
genes; GSEA, gene set enrichment analysis; GSVA, gene set variation analysis; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes;
FRDEGs, ferroptosis-related DEGs; WGCNA, weighted correlation network analysis; LASSO, least absolute shrinkage and selection operator; SVM, support

vector machine; qPCR, quantitative polymerase chain reaction.

presented through diagnostic model plots and variable
trajectory plots. In addition, the Support Vector Machine
(SVM) model was constructed based on key genes by the
SVM (28) algorithm and the key genes were screened based
on the number of genes with the highest accuracy and lowest
error rate. The key genes in the LASSO regression model
and those in the SVM model were taken as intersections
to get ferroptosis-related hub genes. R package rms drew
a nomogram based on the results of LASSO regression
analysis to show the interrelationships of ferroptosis-related
hub genes.

To validate the accuracy and resolution of the DKD diag-
nostic model, the R package ggDCA was used to plot decision
curve analysis (DCA) (29) based on the ferroptosis-related
hub genes in the combined GEO datasets. Meanwhile, the R
package pROC was used to plot the combined ROC curves in
the combined GEO datasets and calculate the area under the
curve (AUC) values to assess the diagnostic effect of LASSO

risk score expression on the occurrence of DKD. The AUC
of the ROC curves generally ranges between 0.5 and 1. The
closer the AUC is to 1, the better the diagnostic effect. The
AUC has a low accuracy at 0.5 to 0.7, a certain accuracy at 0.7
to 0.9, and a high accuracy at AUC above 0.9. The formula for
calculating the LASSO risk score is as follows:

riskScore = Z Coefficient (genei) x mRNA Expression (genei)

The dataset GSE96804 verified the accuracy and resolution of
this DKD diagnostic model.

Identification and validation of the optimal Hub FRDEGs.
Group comparisons were plotted based on the expression of
ferroptosis-related hub genes in the DKD and control groups
in the training and validation sets. R package pROC was used
to plot the ROC curves of ferroptosis-related hub genes in the
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training and validation sets and calculate the AUC to assess
the diagnostic effect of the expression of ferroptosis-related
hub genes on the occurrence of DKD.

Immune cell infiltration analysis. CIBERSORT (30) is based
on the principle of linear support vector regression for the
back-convolution of transcriptome expression matrices to
estimate the composition and abundance of immune cells in
a mixture of cells. The CIBERSORT algorithm was used to
combine the LM22 feature gene matrix and filter the output of
data with immune cell enrichment scores greater than zero to
finally obtain the specific results of the immune cell infiltra-
tion matrix. Finally, the R package ggplot2 was used to draw
group comparison plots to show the expression differences of
LM?22 immune cells in the DKD and control groups in the
combined GEO datasets. The R package pheatmap was used
to draw correlation heatmaps to show the LM22 immune cells
and the correlation analysis results between ferroptosis-related
hub genes and LM22 immune cells.

Reverse transcription-quantitative PCR (RT-gPCR). In
the present study, a total of 9 male db/db mice (BKS.
Cg-Leprdb/Leprdb) and 3 male db/m littermates (BKS.
Cg-Leprdb/+) were obtained from Jiangsu Ailingfei
Biotechnology Co., Ltd. db/m mice were used in the control
group and db/db mice in the DKD group as the DKD model.
All mice were 8 weeks of age at the start of the study, with body
weights of 40+2.5 g for db/db mice and 25+2 g for db/m mice.
The animals were housed in a specific pathogen-free facility
under controlled conditions: Temperature, 23+2°C; humidity,
50-60%; and a 12/12 h light/dark cycle, with free access to stan-
dard chow and water. Mice were acclimated for 1 week prior to
the experiment. Both rosiglitazone (RZ) and hyperoside (HPS)
groups used db/db mice as DKD models, and the two groups
were gavaged respectively with RZ (cat. no. 210310; Chengdu
Hengrui Pharmaceutical Co., Ltd.) at a dose of 5 mg/kg/d and
HPS (cat. no. B20631; Shanghai Yuanye Biotechnology Co.,
Ltd.) at a quantity of 20 mg/kg/d. The intervention period was
12 weeks. Total RNA was extracted from the kidney of mice
using the Animal Total RNA Isolation Kit (cat. no. RE-03011;
Chengdu Fuji Biotechnology Co., Ltd.) and quantified using a
spectrophotometer (cat. no. N50Touch; Implen GmbH). The
thermocycling conditions for gPCR were as follows: Initial
denaturation at 95°C for 2 min, followed by 40 cycles of dena-
turation at 95°C for 10 sec and annealing/extension at 60°C
for 30 sec. A melting curve analysis was performed from 65
to 95°C with a ramp rate of 0.5°C/5 sec. Relative quantifica-
tion was performed using the comparative quantification cycle
(Cq) (2"24€9) method (31). The iScript™ cDNA Synthesis Kit
(cat. no. 1708891; Bio-Rad Laboratories, Inc.) was used strictly
according to the manufacturer's instructions. The standard
reverse transcription temperature protocol includes primer
annealing at 65°C for 5 min followed by immediate ice incu-
bation, cDNA synthesis at 42-55°C for 20-60 min [42-45°C
for oligo(dT), 50-55°C for thermostable reverse transcriptases
and GC-rich RNA], and final enzyme inactivation at 70-85°C
for 5-15 min. Subsequently, qPCR was performed using the
Sso Advanced™ Universal SYBR® Green Supermix kit (cat.
no. 1725274; Bio-Rad Laboratories, Inc.) to detect the expres-
sion of lactotransferrin (LTF). The experiment was repeated at

least three times with three sub-wells for each experiment. The
primer sequences utilized in the investigation are presented
in Table SIII. Anesthesia was performed when conducting
animal sampling and surgical manipulation in the present
study. Pentobarbital sodium as the anesthetic agent at a dosage
of 50 mg/kg body weight, administered via intraperitoneal
injection. All experimental mice were humanely euthanized
by cervical dislocation after isoflurane inhalation anesthesia.
Animal experiments were approved by the Animal Ethics
Committee in Affiliated Hospital of Nanjing University of
Traditional Chinese Medicine (approval no. 2023DW-039-01;
Nanjing, China).

Statistical analysis. Data processing and analysis were based
on R software (version 4.2.0) and GraphPad Prism (version
9.5.0; Dotmatics). The continuous variables were presented as
the mean + standard deviation. Comparisons between the two
groups were made using the Wilcoxon rank sum test. If not
specified, results were calculated by Spearman's correlation
analysis of the correlation coefficients between the different
molecules. P<0.05 was used as a criterion for statistically
significant difference.

Results

Identification of FRDEGs. Firstly, the distribution box plots indi-
cated the successful elimination of the batch effect in the DKD
dataset following the batch removal procedure (Fig. 2A and B).
Among the combined GEO datasets, 1,237 DEGs were identi-
fied, with 731 genes exhibiting upregulation and 506 genes
displaying down-regulation (Fig. 2C). By intersecting the
1,237 DEGs with the 667 FRGs, a subset of 47 FRDEGs was
obtained, which were LTF, CD44, CYBB, chemokine ligand
5 (CCL5S), IGKC, RBBP4, ENO1, ALOX5, PRKCB, LCN2,
TPM1, TUBAIA, PDIA4, CASP8, XRCC5, LASP1, ACTB,
RPA2, HELLS, PTEN, SIAH2, ACSL4, GFRA1, KRT19,
ANXA4,HNRNPL, EEF1A1, MUC1, CTNNBI1, FHL2,PGK1,
LPIN2, TP53, PDIA6, CP, CAD, VDACI1, SNAP29, SOX15,
NFE2L1, G0S2, ALOX12, DLX2, CA9, CLTB, Forkhead box
C1 (FOXCI) and TYRO3 (Fig. 2D). Then, based on the intersec-
tion results, the results of the expression differences of FRDEGs
among different sample subgroups in the combined GEO data-
sets were shown in Fig. 2E.

GSEA and GSVA for the combined GEO datasets. To avoid
the one-sidedness caused by only using the intersection gene
enrichment, we also utilized GSEA on all the genes of the
combined GEO datasets. The findings of the GSEA indicated
that most genes exerted a significant impact on the inflam-
matory response pathway IL18 signaling pathway, IL-12
pathway and apoptosis, among others (Fig. 3A-E). The specific
outcomes are presented in Table SIV.

The GSVA results showed that a total of 24 pathways
exhibited statistical significance (P<0.05) in both the DKD
and control groups (Fig. 4A and B). The DKD group exhibited
a notable enrichment in the regulation of pathways associated
with immunity, phosphorylation, apoptosis, methylation and
deacetylation, such as the T cell receptor signaling pathway,
monocyte signaling pathway, neutrophil signaling pathway,
as well as the regulation of runt-related transcription factors
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Figure 2. Batch effects removal and differential gene expression analysis. (A) Box line plots of the distribution of the combined GEO datasets before de-batch
processing. (B) Box line plots of the distribution of the combined GEO datasets after de-batch processing. (C) Volcano plot of differentially expressed genes
analyzed in the DKD and control groups in the combined GEO datasets. Blue nodes represent downregulation in DKD; orange nodes represent upregulation;
and gray nodes represent no significant difference from controls. (D) The Venn diagram of differentially expressed genes and FRGs in the combined GEO
datasets. (E) Correlation heatmap of ferroptosis-related differentially expressed genes in the combined GEO datasets. The control group shown in blue and
the DKD group in yellow. (F) Chromosomal localization map of ferroptosis-related differentially expressed genes. DKD, diabetic kidney disease; DEGs,
differentially expressed genes; FRGs, ferroptosis-related genes; FRDEGs, ferroptosis-related DEGs.

and histone deacetylases. Conversely, pathways linked to lipid
synthesis and accumulation were found to be suppressed. The
details can be found in Table SV.

(Fig. 5B), the FRDEGs were mainly related to apoptosis
regulation and cell proliferation. In GO-CC analysis (Fig. 5C),
cell cortex, cell membrane and macromolecular compounds
were significantly enriched. The results of enrichment analysis
in GO-MF (Fig. 5D) indicated that these FRDEGs were
mainly related to protein, enzyme and transcription factors.

Enrichment analysis of FRDEGs. A total of 47 FRDEGs were
performed for enrichment analysis (Fig. 5A). In GO-BP analysis
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Figure 3. GSEA for combined GEO datasets. (A) The combined GEO datasets of the four biological functions of GSEA shown in a mountain range plot.
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kidney disease; FDR, false discovery rate.

According to the results of the KEGG analysis, these FRDEGs
were mainly associated with ferroptosis, HIF-1 signaling
pathway, leukocyte trans-endothelial migration and Influenza
A (Fig. 5E).

Construction of co-expression modules and determination of
key genes. Firstly, the constructed network exhibited higher
conformity with the scale-free topology, as evidenced by the
computation and presentation of scale-free fitting indices
(Fig. 6A) across various soft threshold values. The findings indi-
cated that a scale-free fitting index of 0.85 corresponds to the
minimum soft threshold value of 11, which fulfilled the criteria
for constructing an optimal scale-free network. The co-expres-
sion network was constructed using the optimal soft threshold,
and genes with the top 25% variance are clustered using a clus-
tering tree (Fig. 6B) and labeled with the grouping information.
The results showed that genes in the top 25% of variance were
clustered into 10 modules when the screening criterion was 0.2,
and then the relationship between the genes and the merged
modules was visualized (Fig. 6C). The correlation between all
genes in the ten modules and the DKD group and control group

in the combined GEO datasets was determined based on the
expression patterns of the module genes (Fig. 6D). Genes within
the MEyellow (Ir valuel=0.45) and MEblue (Ir valuel=0.32)
modules were screened using a criterion of Ir valuel>0.30, and
their intersections with the 47 FRDEGs were plotted using
Venn diagrams (Fig. 6E and F). Ultimately, 10 key genes were
identified: FOXC1,G0S2, TYRO3,CCL5,FHL2,IGKC,LCN2,
LTF, MUCI and PRKCB.

Construction and validation of the prognostic DKD model of
FRGs. Logistic regression was performed based on the ten key
genes, and a logistic regression model was constructed and visu-
alized by Forest Plot (Fig. 7A). The results showed that all 10
key genes included in the logistic regression model were statisti-
cally significant (P<0.05). Then, the LASSO regression model
(Fig. 7B and C) was constructed based on 10 key genes, and the
results contained four key genes, which were CCL5, FOXCl,
GO0S2, and LTF. Meanwhile, the SVM model was constructed
based on 10 key genes and the SVM algorithm to get the number
of genes with the lowest error rate (Fig. 7D) and the highest
accuracy (Fig. 7E). The results showed that the SVM model has
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the highest accuracy when the number of genes is 5. The five  of the DKD diagnostic model, a nomogram was developed to
key genes were LTF, PRKCB, CCL5, MUCI1 and FOXC1. The illustrate the interrelationships of ferroptosis-related hub genes,
intersection of the key genes of the two models was received  as depicted in Fig. 7G. The findings indicated that the expression
and three ferroptosis-related hub genes were obtained, CCLS5,  of LTF exhibited notably greater efficacy in the DKD diagnostic
FOXCI1 and LTF (Fig. 7F). Finally, to further validate the value  model compared with other variables, while the expression of
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differentially expressed genes.

CCL5 demonstrated significantly lower efficacy in the DKD
diagnostic model than the other variables.

In order to evaluate and validate the accuracy and
discriminatory capacity of the DKD diagnostic model, the
role of the DKD diagnostic model was assessed in clinical
utility through DCA based on ferroptosis-related hub genes in
the combined GEO datasets. The results showed that the line
of the DKD model was stably higher than all positive and all
negative in a specific range, resulting in a substantial net gain.
Consequently, the model demonstrated effectiveness in accu-
rately diagnosing DKD (Fig. 8A). Furthermore, ROC curves

were generated using the LASSO risk score derived from the
combined GEO datasets (Fig. 8B). These ROC curves demon-
strated the robustness of the LASSO risk score in accurately
predicting the expression level within various subgroups, as
evidenced by an AUC exceeding 0.9. The calculation of the
LASSO risk score was performed as follows:

riskScore = CCLS5 x (0.3358) + FOXC1 x (-0.3888) + LTF x (0.8159).

The DKD diagnostic model's accuracy and discrimina-
tory capacity were validated using the GSE96804 dataset.
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Figure 7. Diagnostic model of DKD. (A) The forest plot of the 10 key genes included in the logistic regression model in a diagnostic model for DKD.
(B) Diagnostic model plot for the LASSO regression model. (C) Variable trajectory plot for the LASSO regression model. (D) Visual presentation of the
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The results of the DCA demonstrated that the model consis-
tently outperformed both the ‘All positive’ and ‘All negative’
scenarios within a specific range, indicating a high net gain
and overall effectiveness (Fig. 8C). Additionally, the ROC
curves revealed that the LASSO risk score expression level

in the GSE96804 dataset exhibited varying accuracy across
different subgroups, with AUC values ranging from 0.7 to 0.9
(Fig. 8D). Finally, a nomogram was constructed to illustrate
the interplay among ferroptosis-related hub genes in dataset
GSE96804 (Fig. 8E). The results showed that the expression
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of FOXCl, a ferroptosis-related hub gene, exhibited notably
greater efficacy in the DKD diagnostic model compared with
other variables. Conversely, the expression of LTF demon-
strated significantly diminished utility in the DKD diagnostic
model compared with the other variables.

Determination and validation of the optimal Hub FRDEGs .
The expression of CCL5, FOXC1, and LTF were all statisti-
cally significant (P<0.05) in the DKD and control groups in
the combined GEO datasets (Fig. 9A). Whereas in dataset
GSE96804 (Fig. 9B), only the expression of FOXC1 and LTF
were statistically significant (P<0.05). Subsequently, the accu-
racy of FOXCI expression levels in the combined GEO datasets
was confirmed a certain level of accuracy (0.7< AUC <0.9), as
well as higher accuracy (AUC >0.9) in the GSE96804 dataset.
Meanwhile, LTF in the combined GEO datasets exhibited high
accuracy (AUC >0.9) in the expression levels across different
groups while also demonstrating a certain level of accuracy
(0.7< AUC <0.9) in the GSE96804 dataset among different
subgroups (Fig. 9C-F).

CIBERSORT estimation. The CIBERSORT algorithm was
employed to calculate the correlation between the 22 immune
cells in the DKD group and the control group, and a histogram
illustrating the percentage of immune cells in the combined
GEO datasets was plotted (Fig. 10A). The box line plot

(Fig. 10B) provided evidence of the disparity in immune cell
infiltration abundance between DKD and control groups in
the combined GEO datasets. The statistical analysis revealed
that the expression levels of eight immune cell types, namely
B cells naive, plasma cells, T cells gamma delta, NK cells
resting, macrophages M1, macrophages M2, mast cells resting
and mast cells activated, were significantly different (P<0.05)
between the two groups. Subsequently, the correlation between
the infiltration abundance of the eight immune cells was illus-
trated through correlation dot plots (Fig. 10C). The findings
revealed that T cells gamma delta and macrophages M2, as
well as T cells gamma delta and macrophages M1, exhibited
the highest level of positive correlation (r=0.38). Conversely,
mast cells resting and mast cells activated displayed the most
substantial negative correlation (r=-0.45). Finally, the correla-
tion heatmap analysis revealed that LTF and CCLS5, two of
the ferroptosis-related hub genes, significantly correlated with
immune cells, and both showed a significant positive correla-
tion with immune cell T cells gamma delta (Fig. 10D).

Validation of the optimal Hub FRDEGs. In the DKD group, LTF
and FOXCI1 exhibited higher expression levels compared with
the control group, while CCLS5 expression was lower. Upon inter-
vention with RZ and HPS on the DKD model, LTF and CCL5
expression levels were significantly increased compared with
the DKD group. Similarly, FOXC1 expression was significantly
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Figure 9. Expression difference analysis. (A) Boxplots of ferroptosis-related hub genes in the combined GEO datasets. (B) Boxplots of ferroptosis-related
hub genes in the dataset GSE96804. (C and D) ROC curves of the two ferroptosis-related hub genes in the combined GEO datasets: (C) FOXCland (D) LTF.
(E and F) ROC curves of the two ferroptosis-related hub genes in the dataset GSE96804: (E) FOXCland (F) LTF. The control group is blue and the DKD group

sk

is yellow. “P<0.01 and

P<0.001. AUC 0.7-0.9 with some accuracy; above 0.9 with high accuracy. GEO, Gene Expression Omnibus; ROC, receiver operating

characteristic; DKD, diabetic kidney disease; AUC, area under the curve; LTF, lactotransferrin.

elevated following interventions with HPS, although FOXC1
exhibited a trend to increase in response to RZ intervention, the
difference was not statistically significant (Fig. 11).

Discussion

Ferroptosis, a regulated cell death pathway marked by the
accumulation of intracellular iron overload, heightened
lipid peroxidation, and an abundance of reactive oxygen
species (ROS) (32), has a close association with the patho-
logical progression of DKD. Previous studies have observed

alterations in iron deposition and markers related to ferrop-
tosis in renal tissues of different animal models of DKD (33).
Furthermore, the extent of renal iron accumulation has exhib-
ited a positive correlation with levels of serum creatinine and
urinary protein (34). Iron is filtered through the glomerulus
and subsequently reabsorbed in the renal tubules within the
human body. These renal tubules, being energy-consuming
organs, play a crucial role in reabsorbing substances against
concentration gradients. To obtain the necessary energy,
they rely on fatty acid oxidation, a process that takes place
in numerous mitochondria (35). In the presence of elevated
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Figure 10. Combined GEO datasets immune infiltration analysis by CIBERSORT algorithm. (A) Histogram of the percentage of immune cells in the combined
GEO datasets. (B) Box line plots comparing the immune cell infiltration abundance between the DKD and control groups. (C) The correlation heatmap of
immune cell infiltration abundance in the combined GEO datasets. (D) The dot plot of correlation between ferroptosis-related hub genes and abundance of
immune cell infiltration in the combined GEO datasets. Blue color represents the control group and yellow color represents the DKD group. Orange represents
positive correlation and dark blue represents negative correlation. GEO, Gene Expression Omnibus; DKD, diabetic kidney disease.

glucose levels, renal mitochondria generate substantial quanti-
ties of ROS, leading to potential harm to various renal intrinsic
cells at the genetic, transcriptional, and protein levels (36).
These ROS are considered to serve as an upstream regulatory
mechanism for microvascular injury induced by diabetes (37).
Recent research has indicated that the inhibition of ferroptosis
in renal tubular epithelial cells and the mitigation of hyper-
glycemia-induced decline in renal function can be achieved

through the targeting of ferroptosis, such as by employing the
antioxidant quercetin (38). Emerging evidence has established
a definitive interplay between ferroptosis and inflammatory
fibrosis in organs, and targeting ferroptosis has been proposed
as a potential therapeutic strategy against renal inflammatory
fibrosis. Nevertheless, further investigation is still required to
fully elucidate the precise mechanisms underlying ferroptosis
in DKD (39).
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Figure 11. Validation the expression of Hub FRDEGs. Reverse transcription-quantitative PCR results for mRNA levels of LTF, CCL5 and FOXC1. Data are
shown as the mean = SD. "P<0.05, “P<0.01 and “**P<0.0001. DKD, diabetic kidney disease; RZ, rosiglitazone; HPS, hyperoside; LTF, lactotransferrin; FOXC1,

forkhead box C1; CCL5, chemokine ligand 5.

The present study initially discovered that DKD was
correlated with immune inflammation, apoptosis, and lipid
metabolism through the utilization of GSEA and GSVA
analyses. Subsequently, through the analysis of differential
gene expression, a total of 47 FRGs were identified in DKD.
The enrichment analysis conducted using GO and KEGG
revealed a significant enrichment of FRDEGs associated
with ferroptosis, hypoxia response, immune inflammation,
and other functions and pathways in DKD. Among them,
hypoxia-inducible factor-1 (HIF-1) is a pivotal player in
the transcriptional response to oxygen homeostasis and
exerts a significant influence on intracellular metabolism
in the context of kidney injury (40). Extensive evidence
indicates that HIF-1 orchestrates metabolic reprogramming,
mitochondrial dysfunction, and the induction of inflam-
matory and fibrotic factors, thereby contributing to target
organ damage (41). In a db/db mouse model, Feng et al (42)
demonstrated that the HIF-10/HO-1 pathway may mediate
ferroptosis in renal tubular injury and fibrosis. Moreover,
HIF-1a directly represses carnitine palmitoyl-transferase
1A promoter activity, reducing mitochondrial fatty acid
transport and promoting intracellular lipid droplet formation,
ultimately leading to lipotoxic stress, lipid peroxidation and
ferroptosis (43,44). Additionally, leukocyte trans-endothelial
migration, a key regulator of immune and inflammatory
responses, may be linked to ferroptosis. In DKD, elevated
glucose and lipid levels activate inflammatory signaling,
leading to excessive production of pro-inflammatory factors
and chemokines (10), which promote leukocyte accumula-
tion and activation along vascular endothelial cells, initiating
further inflammatory cascades (45). Chronic renal inflam-
mation subsequently fosters a fibrotic microenvironment,
driving structural remodeling and irreversible functional
decline (9). Extensive research has confirmed that ferroptosis
and inflammatory immune responses co-exist and mutually
reinforce each other, forming a local auto-amplification
loop (46). Recent studies have further validated the contri-
bution of ferroptosis to kidney fibrosis (47,48). In DKD,

damage-associated molecular patterns released by ferrop-
totic cells activate various immune cells, exacerbating
renal damage through chemokine-or cytokine-mediated
inflammatory responses (36). This process begins with
the recruitment of leukocytes, predominantly neutrophils,
to the site of inflammation (45). Concurrently, numerous
pro-inflammatory factors and cytokines generated in DKD
can stimulate immune cells, thereby inducing ferroptosis.
Collectively, these findings account for the enrichment of
inflammatory immune response pathways observed in our
GSEA analysis.

In the present study, three ferroptosis-related hub genes
(CCL5, FOXCI1 and LTF) were further screened out to estab-
lish the DKD diagnostic model. CCL5, a vital member of
the CC chemokine family, can recruit immune cells to sites
of inflammation or injury (49) and is closely associated with
DKD (50). In renal biopsy specimens from patients with
DKD, CCLS5 levels are notably altered, particularly in tubular
cells, and correlate strongly with NF-kB activation, mesan-
gial cell infiltration and proteinuria severity (51). Under
hyperglycemic conditions, damaged tubular and mesangial
cells upregulate CCL5 expression, promoting monocyte,
macrophage, and T-cell recruitment into glomeruli and
tubulo-interstitium, thereby exacerbating inflammation,
triggering ferroptosis, and ultimately contributing to kidney
injury (50). FOXCI1, belonging to the FOXC subfamily of
transcription factors, plays a crucial role in diverse biological
processes and is indispensable for the preservation of cellular
functionality and resilience against oxidative stress (52). As
it is widely acknowledged, the impairment and depletion of
podocytes in DKD lead to a decline in renal function (53).
In this context, the regulatory role of FOXCI in governing
the expression of genes responsible for maintaining
podocyte integrity is of utmost importance (54). Notably,
elevated FOXCI expression induces epithelial-mesenchymal
transition (EMT) and promotes fibrosis, whereas FOXCl1
suppression in high-expressing cells reverses EMT (55,56).
Furthermore, high glucose conditions upregulate HIF-1a
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in renal and vascular cells (57), which in turn activates
FOXCI transcription, inducing ferroptosis and causing target
organ damage (58). Among the three ferroptosis-related
hub genes, LTF, a glycoprotein belonging to the trans-
ferrin family, has been found to play a crucial role in the
regulation of iron homeostasis (59). Several preclinical
studies have demonstrated the ability of LTF to mitigate
inflammation and oxidative stress, improve mitochondrial
dysfunction, and act as a biomarker for ferroptosis and
renal fibrosis, thereby may exerting a protective effect in
DKD (60). Additionally, LTF has been shown to reduce lipid
peroxidation, alleviate inflammation and oxidative stress in
damaged tissues, and inhibit ferroptosis through modulation
of the HGMBI1/TLR-4/MyD88/Nrf2 signaling pathway (61).
Mohamed et al (62) substantiated the role of LTF in the
downregulation of ferroptosis and the safeguarding of renal
tissues through by promoting NRF2/HO-1 signaling and
inhibiting NF-kB pathway expression.

Therefore, in vivo animal experiments were further carried
out to verify the role of LTF, CCL5 and FOXCI in DKD, so as
to increase the reliability of the present analysis. In addition,
intervention in DKD model mice was conducted using RZ,
a Western drug, and HPS, the active ingredient of the tradi-
tional Chinese medicine Abelmoschus Manihot, respectively;
it was found that all the three ferroptosis-related hub genes
were significantly elevated in both groups. Clinical studies
confirmed that RZ (63,64) and Abelmoschus Manihot (64)
can effectively treat DKD. RZ, as a drug targeting ferrop-
tosis in the treatment of DKD, can effectively modulate the
inflammatory pathway to inhibit ferroptosis, which has been
demonstrated in several in vitro and in vivo studies, including
those involving STZ-induced diabetic mice, db/db mice,
and high glucose-treated NRK-52E and HK-2 cells (36). In
2020, Wang et al (5) verified that RZ could reduce urinary
albumin levels by inhibiting ferroptosis and inflammation in
db/db mice. The present study suggested that RZ significantly
affected the ferroptosis-related biomarkers in DKD, which
might contribute to subsequent studies exploring the mecha-
nisms and targets of RZ in the treatment of DKD. Meanwhile,
HPS, a flavonoid compound, is established as the exclusive
quality control indicator for Abelmoschus Manihot in the
2020 edition of the Chinese Pharmacopoeia and represents
the principal active constituent in Abelmoschus manihot (65).
It predominantly localizes in the kidneys and livers of
animals (66). HPS demonstrates anti-inflammatory, antioxi-
dant and immunomodulatory activities. Extensive research has
substantiated its efficacy in alleviating DKD, with evidence
indicating its therapeutic benefits through the improvement
of ferroptosis (66,67). LTF, CCL5 and FOXCI, the target
ferroptosis-related hub genes, may be essential targets for HPS
in treating DKD, thereby providing ideas for future research.

Imbalances in human immune function are inextricably
linked to the development of DKD (9). Infiltration of immune
cells in renal tissues is a distinctive feature of DKD, associated
with an increased risk of DKD progression (50). Immune cell
infiltration analysis revealed dysregulation in eight distinct
immune cell types between patients with DKD and the
controls. Specifically, yOT cells, M1 macrophages, M2 macro-
phages and resting mast cells exhibited significantly higher
levels in renal tissues of patients with DKD than the controls.
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Moreover, there existed distinct regulatory associations among
these different immune cells. yOT cells are unconventional
T cells with unique T cell receptors on their surface. Despite
comprising 1-5% of T cells in peripheral blood, ydT cells
possess remarkable potency and versatility. They serve as a
crucial link between innate and adaptive immunity, playing
multiple roles in inflammation regulation, tissue repair and
damage surveillance (68). Renal tissues afflicted with tubu-
lointerstitial fibrosis exhibited considerably elevated yd T cell
counts compared with healthy renal tissues (69). Additionally,
these v T cells were found to generate substantial quantities
of the pro-inflammatory cytokine IL-17A, thereby facilitating
the renal inflammatory response (68,69). In the presence of
elevated glucose levels, a significant influx of macrophages
occurs within the kidney and secrete diverse pro-inflammatory
mediators (70). This process induces renal inflammation and
fibrosis, thereby expediting renal injury and playing a pivotal
role in the progression of DKD, aligning with prior research
findings (70,71). In an inflammatory environment, yd T cells
can regulate macrophages through direct interactions, cytokine
secretion and chemotaxis induction, leading to macrophage
proliferation, activation, and polarization towards either
pro-inflammatory (M1-like) or anti-inflammatory (M2-like)
states (72,73). It is consistent with the significant positive
correlation between yd T cells and macrophages observed in
the present study.

Significantly, the present study revealed a notable positive
correlation between the FRGs LTF and CCL5 and 9T cells,
suggesting their involvement in the immune microenviron-
ment of DKD. From a functional perspective, this correlation
is biologically plausible. Activated human ydT cells have
been shown to express functional lactoferrin receptors at
a markedly higher proportion than afiT cells, making them
particularly responsive to LTF-mediated immunoregulation.
LTF may suppress ferroptosis through the NRF2/HO-1 and
NF-xB pathways (57,58), while also modulating ydT cell
activity via iron-dependent mechanisms. Regarding CCLS5,
emerging evidence indicates that ydT cell-derived IL-17A
can promote renal fibrosis through CCL5-mediated leukocyte
infiltration (66,74), establishing a functional link between ydT
cells and CCL5-driven chemotaxis. Therefore, the interplay
between yOT cells and these hub genes suggests a complex
immuno-regulatory network in which y0T cells contribute
to both the inflammatory milieu and ferroptosis-associated
pathology in DKD. LTF, a crucial factor in facilitating both
innate and acquired immune responses (74), exhibited a
considerably higher proportion of expression in activated y-8
T cells compared with activated a-f3 T cells (75). Meanwhile, it
has been observed that CCL5, a chemokine, plays a significant
role in facilitating the recruitment of T-cells to both glomeruli
and tubular interstitium (50). In conclusion, the observed
strong association between ferroptosis and the infiltration of
immune cells implied that ferroptosis could potentially play
a role in the pathogenesis of DKD by triggering immune cell
infiltration and subsequent immune responses. Further investi-
gation is warranted to validate these bioinformatic predictions
through overexpression or knockout models of the identified
hub genes.

There are inevitable limitations to our study that should
be acknowledged. Firstly, one notable obstacle encountered
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was the lack of renal specimens from patients with DKD,
which consequently necessitated the future conduction of
a prospective clinical study to validate the clinical applica-
bility of the present model. Secondly, the validation in the
present study was confined to RT-qPCR analysis of CCL5,
LTF and FOXCI, with no protein-level verification or
further mechanistic investigation into immune-inflamma-
tory pathways and ferroptosis. Further studies are required
to corroborate these findings at the protein level and to
elucidate the precise mechanisms through which FRGs and
immune cell infiltration contribute to DKD. In future basic
DKD experiments, it is intended to validate all the perti-
nent ferroptosis markers in vivo and in vitro and explore
the immune-inflammatory pathways that may be regulated
by the target hub genes, thereby enhancing the persuasive-
ness of the present analysis. Last but not least, the observed
discrepancy regarding FOXCI1 expression levels and analyt-
ical outcomes may be attributed to the limited sample size
and inherent biological heterogeneity. It is noteworthy that
the bioinformatic analysis was conducted using publicly
available human renal specimens, whereas experimental
validation was performed in the mouse kidney model, intro-
ducing potential interspecies variations. Furthermore, RNA
expression is inherently subject to temporal and spatial
specificity. Although FOXCI is expressed across multiple
renal cell types, including podocytes, vascular endothelial
cells and tubular epithelial cells, its regulatory mechanisms
may vary in a cell type-dependent manner. Differences
in cellular composition or DKD staging between the
bioinformatic cohorts and the experimental model may
also contribute to the divergent results. Therefore, further
validation using a substantial number of human renal
tissues from both DKD patients and control subjects is
essential to corroborate the diagnostic biomarkers more
comprehensively. Additionally, leveraging single-nucleus
RNA sequencing could help elucidate the cell type-specific
expression profiles of FOXCI1 in DKD. Nevertheless, the
present study provides a basis for exploring ferroptosis
mechanisms in DKD and targets for future therapies.

In the present study, a total of 47 FRDEGs were screened.
Through bioinformatics analysis, three hub genes (CCL5, LTF
and FOXC1) were identified, which are closely associated
with the development of DKD. These findings contribute to
the enhanced comprehension of the molecular pathological
mechanisms underlying DKD, offering potential benefits in
terms of diagnosis and therapeutic interventions targeting
ferroptosis and immune cell infiltration. However, additional
experimental investigations are warranted to validate the role
of ferroptosis in DKD.
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