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Abstract
Background Focal segmental glomerulosclerosis (FSGS), a histologic pattern of injury in the glomerulus, is one of the 
leading glomerular causes of end-stage renal disease (ESRD) worldwide. Despite extensive research, the underlying 
biological alterations causing FSGS remain poorly understood. Studying variations in gene expression profiles offers 
a promising approach to gaining a comprehensive understanding of FSGS molecular pathogenicity and identifying 
key elements as potential therapeutic targets. This work is a meta-analysis of gene expression profiles from glomerular 
samples of FSGS patients. The main aims of this study are to establish a consensus list of differentially expressed genes 
in FSGS, validate these findings, understand the disease’s pathogenicity, and identify novel therapeutic targets.

Methods After a thorough search in the GEO database and subsequent quality control assessments, seven gene 
expression datasets were selected for the meta-analysis: GSE47183 (GPL14663), GSE47183 (GPL11670), GSE99340, 
GSE108109, GSE121233, GSE129973, and GSE104948. The random effect size method was applied to identify 
differentially expressed genes (meta-DEGs), which were then used to construct a regulatory network (STRING, 
MiRTarBase, and TRRUST) and perform various pathway enrichment analyses. The expression levels of several meta-
DEGs, specifically ADAMTS1, PF4, EGR1, and EGF, known as angiogenesis regulators, were analyzed using quantitative 
reverse transcription polymerase chain reaction (RT-qPCR).

Results The identified 2,898 meta-DEGs, including 665 downregulated and 669 upregulated genes, were subjected 
to various analyses. A co-regulatory network comprising 2,859 DEGs, 2,688 microRNAs (miRNAs), and 374 transcription 
factors (TFs) was constructed, and the top molecules in the network were identified based on degree centrality. 
Part of the pathway enrichment analysis revealed significant disruption in the angiogenesis regulatory pathways 
in the FSGS kidney. The RT-qPCR results confirmed an imbalance in angiogenesis pathways by demonstrating the 
differential expression levels of ADAMTS1 and EGR1, two key angiogenesis regulators, in the FSGS condition.

Conclusion In addition to presenting a consensus list of differentially expressed genes in FSGS, this meta-analysis 
identified significant distortions in angiogenesis-related pathways and factors in the FSGS kidney. Targeting these 
factors may offer a viable strategy to impede the progression of FSGS.
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Introduction
Focal segmental glomerulosclerosis (FSGS) is a histologic 
pattern of injury characterized by segmental (≤ 50% of the 
affected glomerulus is sclerosed) and focal (≤ 50% of all 
glomeruli affected) sclerosis in the glomeruli [1]. Massive 
proteinuria and nephrotic syndrome, with a high inci-
dence of progression to end-stage renal disease (ESRD), 
are the main clinical manifestations of FSGS. FSGS is 
classified into two main types: primary (idiopathic) and 
secondary. Primary FSGS is a primary glomerulopathy 
and a representative condition displaying nephrotic syn-
drome. In contrast, secondary FSGS is often associated 
with non-nephrotic proteinuria and exhibits less severe 
clinical manifestations [2–4]. The diagnosis of FSGS type 
is usually difficult due to the frequent overlaps in the clin-
icopathological symptoms of these two types [3, 5]. Due 
to significant regional and ethnic variances, determining 
the actual incidence and prevalence of FSGS is challeng-
ing; However, based on statistical analysis, the incidence 
of FSGS is about 1.4 to 21 cases per million people [6].

Despite numerous studies on FSGS, there remains an 
unmet need for further investigations to uncover the 
underlying molecular mechanisms of its pathogenesis, 
understand the specific features of each type, and develop 
novel treatments for its effective management [7]. 
Recently, with the advancement of high-throughput tech-
niques and the adoption of a systems biology approach, 
researchers have been able to obtain a comprehensive 
map of small molecular changes across various disease 
conditions. In this context, transcriptomic data have 
proven particularly valuable, as they enable research-
ers to measure a vast number of expression variations 
in both healthy and diseased states [8–11]. However, the 
presence of false positives and contradictions among the 
resulting list of candidate genes is one of the primary 
challenges in transcriptomic data analysis. Such draw-
backs may lead to a final list of differentially expressed 
genes (DEGs) that do not accurately represent the genes 
of interest in the real world [12]. False positives in tran-
scriptomic data can arise from various factors, including 
elevated levels of gene-gene co-expression, the presence 
of highly expressed genes within specific cell types, and 
methodological parameters. Vigilance regarding these 
potential sources of error is crucial to ensuring the accu-
racy and reliability of transcriptomic analyses [13, 14].

Meta-analysis of transcriptomics datasets is one strat-
egy that can provide a more consistent and reliable list 
of DEGs [15]. Therefore, performing a meta-analysis on 
several related transcriptomics datasets can significantly 
decrease the false positives and contradictions caused by 
alterations in homogeneity, sampling, and study design 
[16–18]. The aim of this study was to aggregate all pub-
licly available datasets related to FSGS-associated glom-
erulus data and conduct a meta-analysis to establish a 

consensus list DEGs in this condition. This approach 
aimed to illuminate the underlying pathological path-
ways involved in FSGS. Briefly, array expression profiles 
underwent quality checks and normalization before 
being subjected to meta-analysis. The resulting list of 
DEGs (referred to as meta-DEGs) was further analyzed 
through methods such as functional enrichment analysis 
and the construction of a regulatory network. Addition-
ally, a protein-protein interaction (PPI) network involv-
ing DEGs, their associated microRNAs (miRNAs), and 
transcription factors (TFs) was constructed and analyzed 
to identify potential molecules contributing to the patho-
genesis of FSGS.

Materials and methods
Screening, quality checking, and selection of expression 
profiles
The NCBI Gene Expression Omnibus (GEO) was 
screened using keywords “FSGS” and “focal and seg-
mental glomerulosclerosis” to identify and download 
expression profiles relevant to FSGS. Datasets deposited 
before June 20, 2021, were initially screened based on 
predefined inclusion and exclusion criteria for inclusion 
in this meta-analysis.

Inclusion criteria comprised: (a) Human sample data-
sets, (b) Glomerulus sample profiles, (c) Datasets with 
control samples, and (d) Array expression datasets. 
Exclusion criteria comprised: (a) Non-human or non-
FSGS expression profiles, (b) Non-glomerular expres-
sion profiles, (c) Datasets lacking control samples, and (d) 
PCR or RNA-sequencing expression profiles.

Each dataset selected underwent quality evaluation 
using an unsupervised strategy, specifically principal 
component analysis (PCA). This approach ensured the 
datasets included in the meta-analysis were robust and 
suitable for further analysis.

Meta-analysis of the selected expression profiles
We normalized the datasets, integrated them, performed 
meta-analysis, and identified the list of meta-DEGs using 
Network Analyst, a web interface tailored for integra-
tive meta-analysis [16]. Each dataset underwent normal-
ization using quantile normalization and was analyzed 
individually. To address batch effects across datas-
ets, the ComBat procedure was applied. Subsequently, 
Cochran’s Q-test was conducted on the merged dataset 
to assess statistical heterogeneity. Finally, a meta-anal-
ysis was performed using a random-effects model to 
consolidate findings across datasets and derive robust 
conclusions regarding the differential expression of 
genes associated with FSGS. This systematic approach 
ensured that the results were statistically rigorous and 
minimized biases introduced by dataset-specific varia-
tions and batch effects [19–21]. A false discovery rate 
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(Benjamini–Hochberg method) cutoff of < 0.05 was 
applied for dataset analysis and identification of DEGs. 
To obtain the log2 fold change of the meta-DEGs in each 
dataset, the included datasets were also subjected to 
analysis with a false discovery rate cutoff of < 0.05, indi-
cating substantial expression differences between experi-
mental groups. The minimal change disease (MCD) and 
membranous nephropathy (MN) samples from the data-
set GSE108109 were subjected to analysis and the DEGs 
were extracted considering a false discovery rate cutoff of 
< 0.05.

Meta-DEG’s enrichment analysis
The meta-DEG’s related gene ontology (GO) terms 
including molecular function, biological process, and 
cellular component terms, were obtained using the 
ClueGO plugin in Cytoscape [22, 23]. Likewise, the Reac-
tome database was used for recognizing the meta-DEG’s 
related biological pathways. The terms were obtained 
from the most updated (July 2022) version of ontology/
pathway databases. The significant (FDR < 0.05) terms 
were extracted and considered for further analysis. The 
ClueGO plugin in Cytoscape was utilized to construct a 
network comprising interconnected GO terms.

Regulatory network construction, analysis, and hub gene 
identification
To construct and analyze a regulatory network, initially, 
the list of meta-DEGs was uploaded to the STRING 
server to construct the protein-protein interaction net-
work using a confidence cutoff of 0.4. Subsequently, 
meta-DEGs associated with microRNAs (miRNAs) and 
transcription factors (TFs) were identified using MiR-
TarBase (Release 7) [24] and TRRUST (Version 2) [25] 
databases. The regulatory network, comprising meta-
DEGs, their related miRNAs, and TFs as their upstream 
regulatory elements, was visualized and analyzed using 
Cytoscape. Following this, the cytoHubba plugin [26] 
in Cytoscape was employed to identify top molecules in 
each category based on their degree of centrality.

Real-time quantitative polymerase chain reaction
In this step, several DEGs having a role in angiogenesis 
regulation including disintegrin and metalloproteinase 
with thrombospondin motif (ADAMTS1), platelet fac-
tor 4 (PF4), Early growth response factor 1 (EGR1), and 
epidermal growth factor (EGF) were selected for the gene 
expression analysis. The selection criteria were based on 
an extensive review of the literature, which confirmed 
the established roles of these genes in the regulation of 
angiogenesis. Additionally, the combined effect size from 
the meta-analysis and the log fold change values of the 
DEGs were also considered in the selection process.

Briefly, RNA was extracted from paraffin-embedded 
renal biopsies of 24 FSGS patients and 15 unaffected parts 
of tumor nephrectomy samples using an RNA extraction 
kit (Azmaelixir, Tehran, Iran) following the manufac-
turer’s instructions. The concentration of extracted RNA 
was measured using a nanodrop spectrophotometer 
(Thermo Scientific, Waltham, MA, USA). Subsequently, 
cDNA synthesis was performed using a first-strand 
cDNA synthesis kit (YektaTajhiz, Tehran, Iran). Spe-
cific primers for the four selected DEGs were designed 
using AlleleID software (version 6.2); their sequences 
are provided in Table 1. RT-qPCR was conducted on an 
AB StepOnePlus System (ThermoFisher Scientific) with 
StepOnePlus software version 2.3. The reaction mix-
ture included specific primers, cDNA template, water, 
and Real Q Plus 2x Master Mix Green with high ROX™ 
(Ampliqon, Odense, Denmark). The human glyceralde-
hyde 3-phosphate dehydrogenase (GAPDH) gene served 
as an internal control for normalization. Relative expres-
sion levels were analyzed using the 2 − ΔΔCt method, and 
GraphPad Prism software (version 8.0.2) was utilized for 
data analysis. Statistical analysis employed an unpaired 
nonparametric t-test, and all data were presented as 
mean ± standard error of the mean (SEM), with signifi-
cance set at P ≤ 0.05.

Results
Dataset screening, selection, and quality control: seven 
expression profiles were selected for the meta-analysis
After searching the specified keywords in the GEO data-
set and applying filters (selecting expression profiling by 
array and Homo sapiens), we identified 18 microarray 
expression profiles. Among these, 8 profiles were derived 
from non-glomerular samples (tubule or whole blood), 
3 profiles lacked healthy controls, and 7 profiles per-
tained to glomerular samples comprising 79 FSGS and 64 
healthy kidneys, which were selected for further analysis. 
The GEO accessions of the selected expression profiles 
were GSE47183 (GPL14663), GSE47183 (GPL11670), 
GSE99340, GSE108109, GSE121233, GSE129973, and 
GSE104948. Detailed information on the selected datas-
ets is provided in Table 2. Flow diagrams illustrating the 

Table 1 Forward and reverse primers for the selected DEGs
Gene Forward Reverse
GAPDH  T C T G A C T T C A A C A G C G A C A C C  G T T G C T G T A G C 

C A A A T T C G T T
EGR1  A C C C C T C T G T C T A C T A T T A A G G C  T G G G A C T G G T A 

G C T G G T A T T G
ADAMTS1  T T T T G C A G C C C A A G G T T G T A G  T C C A T T T C C C C 

C G C A A A C A C
PF4  T G A T C A C A G C C A C A C T T A A C G G  G A G G T G G T C T T 

C A C A C A C A G G
EGF  A T G T C C C T T T T T G G T G A C C G T  C A A A G T T T C T G 

C T C A G G C T C C
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study’s methodology and the process of microarray data 
identification, screening, and selection are presented in 
Figs. 1 and 2.

PCA, a widely used data reduction method, was 
employed to assess dataset quality and identify potential 
outliers among the samples [27]. Following PCA execu-
tion, outlier removal, normalization, and batch effect cor-
rection, a total of 79 FSGS and 64 control samples were 
included in the meta-analysis. PCA plots for each data-
set are depicted in Figure S1 (supplementary figures file), 
with the final PCA plot illustrating the results of batch 
effect removal shown in Fig.  3A. Additionally, a three-
dimensional PCA plot was constructed to confirm the 
differentiation between case and control samples follow-
ing batch effect correction (Figure S2).

DEG identification and meta-analysis: 2898 DEGs were 
identified as FSGS meta-DEGs
The meta-analysis was successfully conducted using the 
random effects model, selected based on the Cochran’s 
Q-test plot results [21, 28]. The outcome of the meta-
analysis yielded a list of 2898 differentially expressed 
genes (DEGs), referred to as meta-DEGs, compris-
ing 1584 upregulated and 1314 downregulated genes. 
Detailed results of the meta-analysis, including the list 
of meta-DEGs and their effect sizes, can be found in 
Table S2 of supplementary tables file. The UpSet dia-
gram, illustrating the intersection of DEGs across data-
sets, and the heatmap displaying the top 50 meta-DEGs 
based on adjusted p-values, are presented in Fig. 3B and 
C, respectively.

Functional enrichment analysis: carboxylic acid catabolic 
process, homeostasis, extracellular matrix organization, 
and regulation of angiogenesis were some of the top terms
Figure  4 depicts the enrichment map showing signifi-
cant biological process terms enriched for the FSGS 
meta-DEGs. These meta-DEGs were notably enriched 
in several biological processes including carboxylic acid 
catabolic process, phosphate-containing compound 
metabolic process, positive and negative regulation of 
vascularization, homeostatic process, apoptotic process, 
mitotic cell cycle, extracellular matrix organization, plate-
let signaling, and TCA cycle. The results from Reactome 
pathway enrichment also corroborated these findings, 
highlighting terms related to extracellular matrix organi-
zation, platelet degranulation, cell cycle phase transition, 
homeostasis, and metabolism. In terms of molecular 
functions, the FSGS meta-DEGs were enriched in func-
tions such as transition metal ion binding, protein kinase 
binding, NAD binding, and RNA binding. Furthermore, 
based on cellular component gene ontology analysis, 
these genes predominantly function within intracellular 
organelle lumen, secretory granule lumen, collagen-con-
taining extracellular matrix, mitochondrial matrix, focal 
adhesion, and nucleus. Table 3 lists the top 10 enriched 
biological process terms and pathways identified in this 
analysis.

Co-regulatory network construction and hub molecule 
identification: top DEGs, and their related regulatory 
elements were spotted in the co-regulatory network
From a systems biology perspective, alongside the PPI 
network of meta-DEGs, a co-regulatory network was 
constructed by incorporating two additional regulatory 
elements: microRNAs (miRNAs) and transcription fac-
tors (TFs). The constructed network is accessible on 

Table 2 Detailed information of the selected datasets
GEO accession no. FSGS samples information Platform Ref.

NO. (Case/Control) Sex (men/women) Age (yr) GFR (ml/
min per 
1.73 m2)

Pro-
teinuria 
(g/d)

GSE47183-GPL11670- 7/9 7/9 46 ± 18 73 ± 38 4.4 ± 2.7 Affymetrix Human Genome U133 
Plus 2.0 Array

[63]

GSE47183-GPL14663- 7/9 7/9 46 ± 18 73 ± 38 4.4 ± 2.7 Affymetrix GeneChip Human 
Genome HG-U133A Custom CDF

[63]

GSE99340 10/10 10/10 48 ± 25 65.7 ± 50 3.76 ± 4 Affymetrix Human Genome 
U133A Array

[64]

GSE104948 9/15 14/10 47.2 ± 17.7 83 ± 39 - Affymetrix Human Genome U133 
Plus 2.0

[65]

GSE108109 27/6 20/13 47.1 ± 15.7 77 ± 32 - Affymetrix Human Gene 2.1 ST 
Array

[65]

GSE121233 5/5 8/2 32.2 ± 15.7 - - Affymetrix Human Transcriptome 
Array 2.0

[66]

GSE129973 17/20 - - - - Affymetrix Human Transcriptome 
Array 2.0

[67]

sum 79/64
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the Network Data Exchange (NDEx) server via the web 
address: [https://www.ndexbio.org/#/network/56205b7f-
d500-11ec-b397-0ac135e8bacf?accesskey=8d34e9d839
65d1f1d377f803931bca925ed678e40614b813f3ec7720c
48e371b]. This comprehensive network comprises 5921 
nodes and 186,745 edges, encompassing 2859 DEGs, 
2688 miRNAs, and 374 TFs, with degrees ranging from 
1 to 1511. Within each group, hub DEGs were selected 
based on their degree centrality scores (see Table  4). 
Among miRNAs, the top 5 regulators targeting FSGS 
DEGs were identified as hsa-mir-1-3p, hsa-mir-16-5p, 
hsa-mir-124-3p, hsa-mir-155-5p, and hsa-mir-34a-5p. 
Similarly, the top transcription factors influencing the 
expression of FSGS DEGs included specificity protein 1 
(SP1), transcription factor p65 (RELA), E2F transcrip-
tion Factor 1 (E2F1), specificity protein 3 (SP3), and 
MYC Proto-Oncogene (MYC). This integrated approach 

provides insights into the complex regulatory interac-
tions underlying FSGS pathophysiology, facilitating a 
deeper understanding of the molecular mechanisms 
involved. In addition, a constructed PPI network includ-
ing only the FSGS meta-DEGs, presenting the hub DEGs 
(based on degree centrality) and the DEGs involved in 
the angiogenesis regulatory pathways is shown in Fig. 5A.

Real-time quantitative polymerase chain reaction: 
ADAMTS1 and EGFR showed a significant dysregulation in 
the FSGS samples
We conducted real-time quantitative polymerase chain 
reaction (RT-qPCR) to validate the results of our in-silico 
analysis. Specifically, we selected several candidate DEGs 
involved in either promoting or inhibiting angiogenesis 
to assess their expression in FSGS samples. According 
to our in-silico analysis, angiogenesis inhibitors such as 

Fig. 1 Flow diagram representing different steps of the present meta-analysis

 

https://www.ndexbio.org/#/network/56205b7f-d500-11ec-b397-0ac135e8bacf?accesskey=8d34e9d83965d1f1d377f803931bca925ed678e40614b813f3ec7720c48e371b
https://www.ndexbio.org/#/network/56205b7f-d500-11ec-b397-0ac135e8bacf?accesskey=8d34e9d83965d1f1d377f803931bca925ed678e40614b813f3ec7720c48e371b
https://www.ndexbio.org/#/network/56205b7f-d500-11ec-b397-0ac135e8bacf?accesskey=8d34e9d83965d1f1d377f803931bca925ed678e40614b813f3ec7720c48e371b
https://www.ndexbio.org/#/network/56205b7f-d500-11ec-b397-0ac135e8bacf?accesskey=8d34e9d83965d1f1d377f803931bca925ed678e40614b813f3ec7720c48e371b
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Fig. 2 Flow diagram of data selection. Different steps of microarray dataset selection including identification, screening, and eligibility are shown in this 
flow diagram
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ADAMTS1 and PF4 exhibited an up-regulated pattern 
in FSGS patients. Conversely, angiogenesis promoters 
like EGR1 and EGF were down-regulated in FSGS sam-
ples (Fig.  5A). To validate these findings, we evaluated 
the expression levels of these four genes in FSGS and 
normal tissue samples. Detailed demographic and clini-
cal characteristics of the patients are provided in Table 
S3 of supplementary tables file. As depicted in Fig.  5B, 
the RT-qPCR results corroborated our in-silico analy-
sis. Specifically, mRNA expression levels of ADAMTS1 
and EGR1 were significantly higher and lower, respec-
tively, in FSGS samples compared to the control group 
[ADAMTS1: 3.872 ± 0.9723 vs. 1.319 ± 0.4129, P = 0.0334; 
EGR1: 0.837 ± 0.2610 vs. 1.342 ± 0.3077, P = 0.0297]. How-
ever, no significant differences were observed in the 
expression of EGF and PF4 between FSGS and normal 

groups [EGF: 2.406 ± 0.6372 vs. 1.334 ± 0.5565, P = 0.5711; 
PF4: 1.195 ± 0.3321 vs. 1.521 ± 0.4624, P = 0.4395]. These 
findings validate the differential expression patterns of 
selected DEGs related to angiogenesis in FSGS, as iden-
tified through both computational and experimental 
approaches.

Discussion
Despite extensive research on FSGS, understanding the 
molecular mechanisms of its pathogenesis remains a crit-
ical area for exploration. Systems biology offers valuable 
tools to unravel these mechanisms and identify novel 
therapeutic targets. In this context, meta-analysis of tran-
scriptomic datasets represents a powerful approach to 
gain insights into disease progression. Integrating expres-
sion data from multiple independent studies enhances 

Fig. 3 Data preprocessing and meta-analysis; (A) PCA plots before and after batch effect removal showing the differences and similarities between the 
samples and density plots against log2 of read counts, before and after batch effect removal depicting the relative distribution of different counts in 
each group. (B) The UpSet diagram representing the intersection of DEGs in datasets. (C) The heatmap of top 50 DEGs according to the adjusted p-value
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statistical power and promotes more robust findings. 
In our study, we conducted a meta-analysis of publicly 
available FSGS microarray datasets that included human 
glomerulus samples. Following an exhaustive search and 
quality control assessment using PCA [29], meta-analysis 
was performed on seven FSGS datasets using the random 
effects model. The resulting list of DEGs represents a 
consensus set associated with the disease and underwent 
further analysis. Subsequently, we obtained PPI network 
data from the STRING server and identified DEG-asso-
ciated TFs and miRNAs. These elements were integrated 
to construct a regulatory network. The primary goal 
of incorporating these regulatory elements alongside 
proteins is to elucidate co-regulatory mechanisms and 
develop a comprehensive interactome model specific to 
FSGS. This integrated approach aims to provide a deeper 
understanding of the molecular networks driving FSGS 

pathogenesis, potentially uncovering new avenues for 
therapeutic intervention [8, 30].

By assessing the degree of centrality in the constructed 
network, several DEGs, miRNAs, and TFs were identi-
fied as hub molecules, suggesting their potential roles 
in the underlying pathological pathways. One such hub 
molecule identified was fibronectin 1 (FN1), a glyco-
protein found in the extracellular matrix and plasma. 
FN1 has been extensively implicated in various kidney 
diseases, including diabetic nephropathy, glomerular 
disease with fibronectin deposition (GFND), and renal 
fibrosis [31–34]. These conditions often involve patho-
logical processes where fibronectin plays a crucial role 
in tissue remodeling and fibrosis progression. Although 
effective therapies targeting fibrosis progression remain 
limited, some studies have shown promising results. For 
instance, inhibition of fibronectin polymerization using 

Fig. 4 The network of connected significant enriched biological process terms for the FSGS meta-DEGs. Each node represents a GO biological process, 
colored to indicate GO groups. Edges between nodes signify relationships based on the similarity of associated genes
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a small peptide called pUR4 has been demonstrated to 
attenuate fibrosis in injured kidneys [35]. This approach 
highlights the potential therapeutic significance of tar-
geting FN1 and its interactions in mitigating fibrotic 
processes in kidney diseases like FSGS. STAT3, identi-
fied as another hub molecule in the constructed FSGS 
regulatory network, is a pivotal component of the JAK-
STAT signaling pathway known for its heightened tran-
scriptional activity in autoimmune disorders and cancers 
[36]. Recent studies have increasingly highlighted the role 
of STAT3 in the progression of various kidney diseases. 
Research indicates that genetic knockout or knockdown 
of STAT3 in kidney disease models may confer beneficial 
effects [37–39]. For example, experiments have shown 
that inhibiting JAK2 or STAT3 activation in animal mod-
els can mitigate the FSGS-induced increase in albumin 
permeability [40]. These findings underscore STAT3 as a 
potential therapeutic target in FSGS and suggest that tar-
geting the JAK-STAT pathway could potentially attenuate 
disease progression by modulating key signaling path-
ways involved in renal pathology.

In addition to the identified hub DEGs, several TFs and 
miRNAs were recognized as central molecules regulating 
the expression of DEGs within the FSGS network. These 
regulatory molecules represent potential targets for ther-
apeutic intervention in FSGS. For instance, miR-155-5p 
was identified as a hub molecule targeting over 1000 
DEGs in the FSGS network. Inhibition of miR-155-5p has 
been shown to attenuate kidney injury and impede the 
progression of renal fibrosis in animal models of FSGS 
[41]. This highlights miR-155-5p as a promising thera-
peutic target in FSGS, potentially offering a strategy to 
modulate disease progression by targeting its regulatory 
effects on multiple genes. Recent reviews, such as Zhao 
et al., discuss the emerging role of miRNAs in the clini-
cal progression of chronic kidney diseases, underscoring 
their potential as diagnostic biomarkers and therapeutic 
targets [42]. This research suggests that targeting miR-
NAs like miR-155-5p could provide new avenues for 
treating FSGS and other kidney disorders characterized 
by dysregulated gene expression networks.

Based on the GO and Reactome pathway enrichment 
analyses, the meta-DEGs identified in our study were 

Table 3 Top 10 enriched pathways and biological process terms based on adjusted p-value
Term Associated Genes (%) Adjusted p-value

Reactom Pathway Sensory Perception R-HSA:9,709,957 6.62 3.28E-14
Metabolism R-HSA:1,430,728 24.32 3.00E-13
Extracellular matrix organization R-HSA:1,474,244 31.66 4.98E-06
Keratinization R-HSA:6,805,567 4.672 5.63E-06
Neutrophil degranulation R-HSA:6,798,695 28.42 6.74E-06
Signaling by Receptor Tyrosine Kinases R-HSA:9,006,934 27.72 1.74E-05
Response to elevated platelet cytosolic Ca2 + R-HSA:76,005 35.82 5.14E-04
Platelet activation, signaling and aggregation R-HSA:76,002 30.41 5.83E-04
Hemostasis R-HSA:109,582 25.40 0.001511253
ECM proteoglycans R-HSA:3,000,178 40.78 0.002149043

KEGG
Pathway

Focal adhesion 33.83 1.22E-09
Valine, leucine and isoleucine degradation 56.25 3.15E-09
Non-alcoholic fatty liver disease 35.48 5.71E-09
Salmonella infection 28.91 2.29E-07
Fatty acid degradation 51.16 9.88E-07
Fluid shear stress and atherosclerosis 33.09 1.10E-06
Diabetic cardiomyopathy 29.55 1.10E-06
Peroxisome 39.02 1.67E-06
MAPK signaling pathway 26.19 3.00E-06
Arginine and proline metabolism 46.00 3.00E-06

Biological process carboxylic acid catabolic process (GO:0046395) 39.17 3.72E-18
phosphate-containing compound metabolic process (GO:0006796) 21.25 1.29E-17
tube development (GO:0035295) 24.19 1.65E-12
homeostatic process (GO:0042592) 21.92 1.62E-11
apoptotic process (GO:0006915) 21.36 4.50E-11
mitotic cell cycle (GO:0000278) 23.54 1.45E-08
regulation of cell adhesion (GO:0030155) 23.87 1.34E-07
organonitrogen compound catabolic process (GO:1901565) 20.97 5.98E-06
epithelial cell migration (GO:0010631) 27.69 2.31E-05
negative regulation of angiogenesis (GO:0016525) 32.38 0.0061454
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implicated in various biological pathways, particularly 
those related to the cell cycle, apoptosis, metabolism, 
wound healing, and angiogenesis. Specifically, terms such 
as vascularization, tube development, and positive and 
negative regulation of angiogenesis were prominently 
enriched (Fig. 4 and S5). These enrichment results indi-
cate an imbalance between pro-angiogenic and anti-
angiogenic factors in FSGS kidneys. Such dysregulation 
in the mechanisms governing vascular injury, repair, and 
homeostasis is well-recognized in kidney disorders [43]. 
According to previous experiments, renal microvas-
cular disease, which plays a crucial role in the progres-
sion of renal diseases, becomes increasingly severe with 
the advancement of the illness [44, 45]. Furthermore, 
our decision to emphasize angiogenesis in our study 
was influenced by previous research demonstrating its 
involvement in the pathophysiology of diabetic kidney 
disease (DKD), which shares similarities with FSGS. 

Studies on DKD have shown an imbalance in the expres-
sion of angiogenic genes, highlighting the importance 
of vascular factors in kidney diseases such as FSGS [46]. 
Similarly, insufficient angiogenesis leading to hypoxia is 
recognized as a primary contributor to fibrosis in dis-
eased kidneys. Maintaining a balance between proan-
giogenic and antiangiogenic factors is crucial for the 
integrity of the renal vascular network. Restoring normal 
angiogenic processes represents a promising strategy 
to address both hypoxia and fibrosis in kidney diseases 
[47]. Apart from the discussed kidney disease, there are 
two processes in which an imbalance between proangio-
genic and antiangiogenic factors may lead to a pattern 
of FSGS including preeclampsia [48, 49] and glomerular 
disease after anti-VEGF use [50–52]. Additionally, angio-
genesis plays a crucial role in numerous physiological 
and pathological processes, including tissue repair and 
inflammation. In the context of FSGS, aberrant angio-
genesis may contribute to the pathogenesis of the disease 
by influencing renal vascular remodeling, inflammation, 
and fibrosis. Targeting these processes could represent a 
promising therapeutic strategy for various chronic kid-
ney diseases, including FSGS.

Of note, to assess whether the dysregulation of angio-
genesis-related genes is specific to FSGS glomeruli, we 
analyzed the GSE108109 dataset, including MCD and 
MN samples. The DEGs were examined through enrich-
ment analysis, which showed no significant similarity to 
FSGS-associated terms. Additionally, a Venn diagram 
comparison of angiogenesis-related DEGs from FSGS 
versus MCD and MN DEGs indicated that only one-third 
and half of the angiogenesis-related DEGs were also dys-
regulated in MCD and MN, respectively (Tables S4-S7 & 
Figure S4 in the supplementary files). This observation 
might indicate the specificity of angiogenesis dysregu-
lation in FSGS but not in other similar conditions like 
MCD and MN.

ADAMTS1 (a disintegrin and metalloproteinase with 
thrombospondin motif ), for instance, exhibited up-reg-
ulation in FSGS samples (Log2FC ~ 1.5-2), as noted in 
previous studies [53, 54]. This VEGF inhibitor’s increased 
expression in patient kidneys suggests a suppression of 
angiogenesis in FSGS. Similarly, other anti-angiogenic 
factors such as platelet factor 4 (PF4) and proline-rich 
homeodomain protein (HHEX, another VEGFA regula-
tor) were up-regulated, while several angiogenesis induc-
ers including early growth response factor 1 (EGR1), 
epidermal growth factor (EGF), and plasminogen (PLG) 
were down-regulated in FSGS samples [55–59]. A com-
prehensive list of angiogenesis-related FSGS-DEGs, 
along with their effect size values, is provided in table S2 
of supplementary tables file. Interestingly, the expression 
profile of the vascular endothelial growth factor (VEGF) 
family, well-known for its angiogenic properties, showed 

Table 4 List of hub DEGs, hub miRNAs and hub TFs in the 
constructed regulatory network. (hub DEGs were extracted from 
the network based on all three centrality measures. Top miRNAs 
and TFs were identified based on degree centrality)
Type Name Degree Betweenness Closeness Effect 

size
Hub 
DEGs

TP53 708 0.014355 0.516715 1.988
CCND1 651 0.023569 0.506069 1.6983
AKT1 529 0.007076 0.510521 1.2399
SOD2 496 0.010596 0.464861 0.51682
BTG2 492 0.008239 0.458559 -1.5316
JUN 466 0.00659 0.501482 -1.6215
PTEN 459 0.007922 0.497981 0.96469
CELF1 451 0.006282 0.456473 0.59441
CCND2 445 0.007603 0.474093 0.92327
STAT3 432 0.005361 0.493662 1.1679
WEE1 400 0.005008 0.465738 -1.4043
DICER1 380 0.003267 0.473524 0.63004
FN1 377 0.003394 0.49092 1.9341
CBX5 369 0.003686 0.452807 0.80703
CDKN1B 365 0.007477 0.474663 -

0.86702
Hub 
miR-
NAs

hsa-mir-
1-3p

1511 0.037778 0.565263 -

hsa-mir-
16-5p

1361 0.026909 0.555451 -

hsa-mir-
124-3p

1346 0.032770 0.555451 -

hsa-mir-
155-5p

1061 0.016271 0.536329 -

hsa-mir-
34a-5p

1015 0.017432 0.534923 -

Hub 
TFs

SP1 147 0.000758 0.434910 -
RELA 72 0.000117 0.410199 -
E2F1 41 0.000016 0.385115 -
SP3 30 0.000036 0.370973 -
MYC 30 0.000022 0.383742 -
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only a slight increase in FSGS kidneys (Log2FC ~ 0.2–
0.9). This disturbance in angiogenesis warrants further 
investigation as a potential target to impede the progres-
sion of FSGS.

In the expression evaluation experiment, we selected 
four of the aforementioned DEGs and examined their 
expression in paraffin-embedded FSGS samples. As 
anticipated, ADAMTS1 was significantly up-regulated 
and EGR1 was significantly down-regulated in the FSGS 
samples. The other two DEGs, PF4 and PLG, also showed 
expected expression patterns in the FSGS samples, but 

the results were not statistically significant. One possible 
reason for this outcome could be the unavailability of 
fresh FSGS samples, as our experiment relied on paraffin-
embedded tissues.

In terms of clinical translation of our findings, we 
hypothesize that restoring the balance of angiogenesis 
by targeting either the upregulated angiogenesis inhibi-
tors (e.g., PF4, ADAMTS1) or the downregulated angio-
genesis inducers (e.g., EGF, EGR1) has the potential to 
alleviate FSGS progression and restore a balanced angio-
genic response in the kidney. Enhancing this balance 

Fig. 5 (A) The PPI network of FSGS meta-DEGs. The square includes all the DEGs involved in the regulation of angiogenesis. The DEGs in the small rect-
angle are the top 20 DEGs based on degree centrality in the network. Interestingly, most of the top DEGs (based on degree centrality) are involved in 
angiogenesis regulation. The labeled (star) DEGs were selected for expressional analysis in the FSGS tissue samples. (B) The expression analysis results of 
4 involved DEGs in the angiogenesis. ADAMTS1 and EGR1 showed a significant dysregulation in the FSGS samples
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could hold promise for mitigating FSGS progression 
through various mechanisms. Balanced blood vessel for-
mation would improve nutrient delivery to kidney tis-
sues, facilitating repair and regeneration. This approach 
could potentially offer new therapeutic avenues for treat-
ing FSGS and related kidney disorders [60]. Moreover, 
enhancing blood vessel density could alleviate the issue 
of hypoxia in FSGS kidneys, thereby promoting tissue 
healing [61]. Additionally, considering that dysregulated 
angiogenesis is implicated in chronic inflammation, 
a hallmark of FSGS, restoring a balanced angiogenic 
response may help regulate inflammatory processes. This 
could potentially reduce tissue damage and inflammation 
in the kidney, offering therapeutic benefits for managing 
FSGS and its associated complications [62].

In light of our findings, we hypothesize that dysregula-
tion of angiogenesis pathways may play a role in the pro-
gression of FSGS. However, it remains unclear whether 
promoting or inhibiting angiogenesis would be therapeu-
tically beneficial. Further studies are needed to define the 
precise impact of modulating angiogenesis on FSGS pro-
gression. This hypothesis is exploratory, as there is cur-
rently no literature directly supporting the therapeutic 
targeting of angiogenesis in FSGS. Future research will 
be crucial to determine whether interventions aimed at 
either promoting or reducing angiogenesis can effectively 
mitigate the disease.

Our study has several limitations that should be 
acknowledged. Firstly, we used qPCR exclusively to 
validate gene expression changes, which limited our 
exploration to mRNA levels without assessing protein 
expression, thus restricting our insight into the molecu-
lar mechanisms underlying FSGS. Future investigations 
should incorporate techniques such as immunohisto-
chemistry to provide a more comprehensive analysis 
including protein levels.

Furthermore, our analysis relied only on microarray 
data and did not include RNA sequencing, potentially 
reducing the depth and resolution of our gene expression 
profiling. We know that microarrays offer various advan-
tages, including the expression of thousands of genes 
simultaneously, low sample consumption, easy sample 
preparation, and control of experimental conditions. 
However, this technology has some disadvantages. These 
include competence required for data normalization and 
analysis, limited dynamic range, low sensitivity and com-
petitive hybridization. Compared to microarrays, NGS 
offers greater flexibility, high sensitivity and dynamic 
range, no hybridization, and higher cost-effectiveness. 
Our decision to meta-analyses the available microarray 
data was based on the results of a systematic search of 
the GEO dataset. Therefore, if NGS datasets were avail-
able, we would certainly have used them and added them 
to our meta-analysis.

In terms of the source of the analyzed samples, 
GSE47183, GSE99340, GSE104948 and GSE108109 data-
sets were provided from the multicentre European Renal 
cDNA Bank-Kroener-Fresenius biopsy bank (ERCB) and 
GSE121233 and GSE129973 Samples were generated 
from Renal Biobank of National Clinical Research Cen-
ter of Kidney Diseases at Jinling Hospital in China. Our 
FSGS samples were prepared from Iranian samples of 
Al-Zahra Hospital, Isfahan. Therefore, variability in RNA 
sources especially in the race of samples poses another 
limitation, which could impact the comparability of RNA 
changes across different platforms. In addition, the type 
of FSGS (primary, secondary or genetic types) was not 
available in the dataset information or their articles and 
in our samples, and this situation could introduce het-
erogeneity in the samples in the dataset pooling and their 
validation.

In order to improve future studies, in addition to try-
ing to overcome the above limitations, it is necessary to 
include a wider range of glomerulopathies and facilitate a 
more comprehensive understanding of molecular mecha-
nisms in different renal conditions.
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