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Abstract
Background: IgA nephropathy (IgAN) is an autoimmune disease and common cause of chronic renal
failure worldwide, but its etiology has not been fully elucidated. Tubulointerstitial fibrosis/atrophy is the
most reliable histological marker associated with poor outcome of IgAN. However, few studies have
focused on gene expression in the renal tubulointerstitium of IgAN.
Methods: A systemic search of gene expression among the renal tubulointerstitium in Gene Expression
Omnibus (GEO) datasets was performed, and eligible datasets were integrated to investigate the
significant genes associated with IgAN. Differentially expressed genes (DEGs) and significant gene
modules of weighted gene coexpression network analysis (WGCNA) were identified, and enrichment
analysis using the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)
databases was performed for interpretation of these genes.
Results: Three datasets named GSE32591, GSE35489 and GSE37463 were selected for analysis of the
relationships between gene expression in the renal tubulointerstitium and IgAN. Ten genes named ALB,
FN1, CCL2, DUSP1, MMP7, JUNB, CTGF, TIMP3, NEU1 and HLA-E were identified as hub genes from DEGs
and the significant gene module of WGCNA. Most of these genes have been related to the significant
relationships of prognosis of IgAN in previous studies, but many interactions between these genes were
unclear.
Conclusion: Our study provided a cluster of hub genes significantly expressed in renal tubulointerstitial
IgAN that may be novel treatment targets of IgAN.

Introduction
IgA nephropathy (IgAN), the most prevalent primary glomerulonephropathy, is an autoimmune disease
and common reason for chronic renal failure worldwide [1]. However, the etiology of IgAN has not been
fully elucidated. Studies claim that IgAN is an autoimmune disease and that genetic factors undoubtedly
influence the pathogenesis of IgAN [2, 3]. In recent years, genome-wide association studies for IgAN have
recognized several susceptibility loci, which involve major histocompatibility, complement regulatory
proteins, antigen presentation and inflammatory signaling pathways [4–7]. In addition, studies have
demonstrated that histological changes in the kidney, especially chronic tubulointerstitial
fibrosis/atrophy, are significantly associated with the prognosis of IgAN [8–13]. Thus, gene expression in
the kidney, especially in renal tubulointerstitial tissues, may play an important role in the progression of
IgAN.
Microarray technology is a high-throughput platform for analyzing gene expression profiles in tissues and
makes it possible to examine the expression of thousands of genes simultaneously. However, in most
cases, a single microarray dataset is high-dimensional low-sample size (HDLSS) data, which indeed
presents serious statistical challenges [14]. Therefore, the integration of multiple microarray data sets can
increase the sample size and may improve the statistical power. Bioinformatic methods are increasingly
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being used for microarray data set analysis. Identification of differentially expressed genes (DEGs) is a
simple and effective method for detecting the DEGs between target diseases and controls, and weighted
gene coexpression network analysis (WGCNA) [15] uses a scale-free network and unsupervised clusters
to construct gene modules to find modules with the most significant relationships with target diseases.
Both methods are effective and widely used for the analysis of microarray datasets.
Previous studies have offered a series of Gene Expression Omnibus (GEO) datasets presenting IgANrelated gene expression profiles in the glomeruli and tubulointerstitial compartment of kidney biopsies
using a microarray [16, 17]. However, few studies have focused on the gene expression profiles in the
renal tubulointerstitium of IgAN. In the present study, the aim was to identify the potential genes that are
significantly associated with IgAN in the tubulointerstitial component of kidney biopsies through
integrating analysis of these datasets using the identification of DEGs and WGCNA.

Materials And Methods
Data collection and preprocessing
The GEO database (https://www.ncbi.nlm.nih.gov/gds) was searched for expression profile datasets of
human kidney tissue with IgAN. The keyword “IgA glomerulonephritis OR chronic kidney disease” was
used for the search. The inclusion criteria were as follows: 1. datasets or series, 2. expression profiling by
microarray, 3. Homo sapiens, and 4. samples of renal tubulointerstitial tissue. Potentially eligible datasets
were retrieved by two reviewers (JZ and MP) based on GEO profiles and published articles. Duplicate
datasets were removed.
The preprocessing and normalization of expression profile datasets with raw data were performed using
the ReadAffy and RMA function from the Affy package in the R environment (version 3.6.0) with the
default parameters. Then, a global median normalization was performed on the obtained gene
expression matrix to remove the batch effects:
, where i and j are the i′th dataset and j′th probe set,
respectively.

Random forest filtering
Since low-expressed or nonvarying gene values usually represent noise, it is rational to filter these probe
sets to reduce noise and increase the power to detect true differences in genes [18]. However, probe sets
filtered by median expression or a fixed cutoff value may lose a few important probe sets, and the fixed
cutoff value was difficult to determine. Random forest analysis is one of the most popular machine
learning algorithms, and it is often used for feature selection in a data science workflow. Therefore, a
bootstrap method was used to rebuild 2000 new datasets based on the obtained gene expression matrix,

Page 3/17

each of which contained 200 probe sets. Then, random forest analysis was used to screen every dataset
for the top 20 probe sets, and all top probe sets were merged.

DEGs identification and PPI network building
The DEGs between the IgAN and living donor kidney tissue were identified by the Limma package in R
using the default method. The genes with an adjusted p-value calculated using the Benjamini and
Hochberg method [19] less than 0.01 and an absolute log2-fold change (log FC) greater than 1 were
selected as significant DEGs. Then, the DEGs were exported to Cytoscape [20] to build a protein-protein
interaction (PPI) network using the STRING database [21]. The highly interconnected regions in the PPI
network were discovered by MCODE [22] of Cytoscape, with the parameters of Degree Cutoff value = 2,
Include Loops = FALSE, Haircut = TRUE, Fluff = FALSE, Node Score Cutoff = 0.1, K-Core = 3, Max. Depth =
100, and the network analysis was performed using the NetworkAnalyzer [23] in Cytoscape. The hub
genes were defined as the proteins with the highest kidney tissue score in the cluster.

Weighted gene coexpression network analysis and significant module identification
WGCNA [24] was used to cluster highly connected genes for constructing gene modules. The gene
adjacency matrix was calculated using Pearson′s correlation, and scale-free networks were constructed
with a power of 7, which was the optimal parameter selected by the WGCNA package. Then, the module
mostly relevant to the IgAN was selected. After that, the probe sets in the modules were mapped to
proteins using the package hgu133a.db [25]. The unmapped probe sets were removed, and the multiple
probe sets mapped to the same proteins were aggregated. Finally, undirected PPI networks were built and
exported to Cytoscape for network analysis. The MCODE algorithm was used to find the highly
interconnected regions in the gene module, and the proteins in the clusters that were found by the MCODE
were researched for the PPI network using the STRING database. The parameters of MCODE, method of
network analysis and definition of hub genes were the same as above.

Biological function and tissue enrichment analysis
The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases were used to
enrich the biological functions of hub genes, and the TISSUES database (https://tissues.jensenlab.org)
was used to enrich the tissue expression of hub genes. The enrichment analysis was performed using the
STRING enrichment App of Cytoscape.

Results
Three datasets named GSE32591 [16], GSE35489 [17] and GSE37463 [16] that met the inclusion criteria
were selected, and 80 renal tubulointerstitial samples including 50 IgAN patients and 30 living donors
derived from the Affymetrix GeneChip of the human genome U133A platform were extracted from these
datasets. The flowchart of dataset filtering is shown in Figure 1. The included gene expression profiles
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were filtered by the random forest method, and a total of 7411 probe sets remained to construct new gene
expression profiles for DEG identification and WGCNA.

Identification of DEGs and PPI network analysis
With the threshold of adjusted p-value less than 0.01 and the absolute value of log2-fold change more
than 1, a total of 99 probe sets were identified, with 31 upregulated and 68 downregulated probe sets
(Supplemental Figure 1). These probe sets were mapped to 80 proteins. A PPI network was constructed
by searching the STRING database [21], and the PPI network was visualized by Cytoscape (Figure 2).
Three highly interconnected subclusters of the PPI network were found by the MCODE and marked as
clusters 1 to 3 (Figure 2), and the descriptions of the proteins in the clusters are shown in Supplemental
Tables 1-3.

Significant module selection and network analysis
A total of 11 modules were constructed by WGCNA, and the relationships between the constructed
modules and IgAN are displayed in Supplemental Figure 2. In these modules, the pink module with the
most significant correlation with IgAN was selected for further analysis. A total of 200 probe sets were
included in the pink module, and these probe sets were mapped to 79 proteins. The PPI networks are
displayed in Figure 3, which was based on the corresponding topological overlap of the pink module with
a threshold of 0.05. A cluster was discovered by MCODE and is also shown on the image and marked as
cluster 4. The description of the proteins in cluster 4 is shown in Supplemental Table 4.
The proteins in cluster 4 were searched using the STRING database to build a new PPI network. The
difference between the two PPI networks is shown in Supplemental Figure 3. In these 11 proteins, five
proteins named PSME1, HLA-E, CD74, IFI35, and PSME2 were confirmed to have relationships in the
STRING database against the other six proteins named PKBP11, NEU1, H2AFY, GNG5, and TBCB.

Hub gene identification
The relationships between MCODE score and degree of the genes in the identified clusters are displayed
in Figure 4, and ten proteins named ALB, FN1, CCL2, DUSP1, MMP7, JUNB, CTGF, TIMP3, NEU1 and HLAE were identified as hub genes from DEGs and the pink module of WGCNA in IgAN. The descriptions of
hub proteins and involved KEGG pathways are displayed in Table 1.

Analysis of GO terms and KEGG pathway enrichment
To further elucidate the functions of the genes in the identified clusters from DEGs and the pink module
of WGCNA in IgAN, GO and KEGG pathway enrichment analyses were employed using the STRING
database. As shown in Figure 5 and Supplemental Figure 4, the genes in the clusters from DEGs were
enriched in “extracellular space”, “cytoplasmic vesicle lumen”, “heparin binding”, “protease binding”,
“protein binding”, “cellular response to chemical stimulus”, “response to oxygen-containing compound”,
“malaria”, “AGE-RAGE signaling pathway in diabetic complications” and “IL-17 signaling pathway”, while
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the genes in the cluster from the pink module of WGCNA were enriched in “integral component of luminal
side of endoplasmic reticulum membrane”, “MHC protein complex”, “ER to Golgi transport vesicle
membrane”, “MHC protein binding”, and “antigen processing and presentation of endogenous antigen”,
“antigen processing and presentation”, “Kaposi's sarcoma - associated herpesvirus infection”, and “herpes
simplex infection”.

Discussion
Both DEG analysis and WGCNA can cluster different gene expression profiles between target disease and
controls from the microarray datasets. However, there are significant differences between the two
algorithms. In our study, most of the genes in the pink module of WGCNA were not significantly
differentially expressed between IgAN and the control based on DEG analysis, and only one gene was in
both networks. Therefore, we constructed two PPI networks: one containing 80 proteins from DEGs based
on the STRING database, and the other containing 79 proteins from the pink module of WGCNA based on
the topological overlap between genes. It is considered that PPI networks are scale-free; thus, the
topology of the network may have biological implications [26,27]. Four subnetworks, three from DEGs
and one from the pink module, were identified in our study. Furthermore, ten proteins named ALB, FN1,
CCL2, DUSP1, MMP7, JUNB, CTGF, TIMP3, NEU1 and HLA-E in the four clusters with high kidney tissue
scores were identified as hub genes for IgAN.
Eight genes named ALB, DUSP1, MMP7, JUNB, TIMP3, CTGF, CCL2 and FN1 from the DEGs were
identified as hub genes in IgAN. Our search of PubMed for studies of these genes showed that there are
significant relationships between these genes and IgAN. Five hub genes named ALB, DUSP1, MMP7,
JUNB and TIMP3 were in cluster 1. JUNB is a component of AP-1, which controls a number of cellular
processes, including differentiation, proliferation, and apoptosis [28]. DUSP1 has intrinsic phosphatase
activity and specifically inactivates mitogen-activated protein kinases (MAPKs), which comprise 3
subgroups: extracellular signal-regulated protein kinase, c-Jun N-terminal kinase (JNK) and p38 MAPK
(p38). A decrease in DUSP1 expression induced persistent JNK activation and cell apoptosis [29]. TIMP3
is an inhibitor of matrix metalloproteinases, such as MMP7, which has a role in renal tubular injury and
progression of tubulointerstitial fibrosis and is regulated by the WNT signaling pathway in the kidney [30].
ALB is important for the stability of the human body, and the increase in urinary albumin is one of the
early manifestations of IgAN. However, the relationship between ALB gene expression in the kidney and
the progression of IgAN is unclear. The hub genes CTGF, CCL2 and FN1 were in cluster 2 of the DEGs.
CTGF, also known as CCN2, is a matricellular protein of the CCN family. Nonaka et al. found that the
strength of CTGF mRNA expression was significantly correlated with the degree of tubulointerstitial
damage in IgAN [31]. Other studies have demonstrated that CTGF is regulated by TGF-beta and is
associated with epithelial-mesenchymal transdifferentiation (EMT) and renal tubulointerstitial fibrosis
[32,33]. CCL2 is also referred to as monocyte chemoattractant protein 1 (MCP-1), which can recruit
inflammatory cells to the sites of inflammation produced by either tissue injury or infection. Wang et al.
confirmed that MCP-1 2518A/G had effects on the formation of crescents in IgAN patients [34]. FN1 and
CCL2 are both involved in extracellular matrix (ECM) deposition and renal fibrosis. EMC proteins,
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including fibronectin, contribute to the early development and progression of renal tubulointerstitial
fibrosis associated with chronic renal disease, and high levels of circulating IgA-fibronectin (Fn)
complexes are characteristically found in IgAN patients [35,36]. These hub genes were also enriched in
several GO terms and KEGG pathways, which were significantly associated with inflammation and
fibrosis.
The network obtained by WGCNA is based on the assumption of a scale-free network, and a number of
gene connections have not been confirmed. In our study, cluster 4 from the pink module of WGCNA
displayed a confirmed association between HLA-E, PSME1, IFI35, PSME2 and CD74, but the relationships
between these genes and the other six genes (NEU1, H2AFY, GNG5, TBCB, SRI and FKBP11) have yet to
be confirmed. Previous studies have shown that NEU1 and HLA play critical roles in the pathogenesis of
IgAN. NEU1 is a mammalian lysosomal neuraminidase enzyme that cleaves terminal sialic acid residues
from substrates such as glycoproteins and glycolipids. Most studies suggest that abnormal glycosylation
of IgA1 in the circulation is the main pathogenesis of IgAN [3], while NEU1 may play a key role in the
desialylation of IgA1 molecules [37]. HLA-E plays a specialized role in antigen processing and
presentation [38], and GWAS of IgAN also confirmed that HLA loci were significantly associated with IgAN
[5].
Our research has some limitations. First, we integrated multiple datasets, and although we have used
robust normalization methods, they still cannot eliminate the variance between different batches
completely. Second, although the PPI network is based on the retrieval of the latest databases, it still has
disadvantages of data lags, different enrichment algorithms, and nonuniform gene symbols. Finally,
WGCNA is an excellent unsupervised algorithm that can explore unconfirmed connections of genes.
However, it is easily affected by the quality of the datasets and may lead to unstable results. Therefore,
our results still need biological experiments to confirm.
High-throughput microarrays obtained massive data, integrated with computer technology, and screened
out some key information more quickly and accurately. In our research, we identified ten hub genes highly
expressed in the kidney using DEGs and WGCNA. Some of these genes have been confirmed to play key
roles in the pathogenesis or progression of IgAN, but the others still need further biological experiments to
confirm their biological significance.
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Table
Table 1. Description of hub genes and involved KEGG pathways.

Page 11/17

SymbolsName

KEGG pathways

CCL2

C-C motif chemokine ligand 2

Cytokine-cytokine receptor interaction
Chemokine signaling pathway
NOD-like receptor signaling pathway
TNF signaling pathway
Chagas disease (American trypanosomiasis)
Malaria
Influenza A
Herpes simplex infection
Rheumatoid arthritis

JUNB

JunB proto-oncogene
Osteoclast differentiation
AP-1 transcription factor subunit TNF signaling pathway

TIMP3 TIMP metallopeptidase inhibitor 3Proteoglycans in cancer
MicroRNAs in cancer
ALB

albumin

CTGF

connective tissue growth factor

Hippo signaling pathway

DUSP1 dual specificity phosphatase 1

MAPK signaling pathway

FN1

PI3K-Akt signaling pathway
Focal adhesion
ECM-receptor interaction
Regulation of actin cytoskeleton
Bacterial invasion of epithelial cells
Amoebiasis
Pathways in cancer
Proteoglycans in cancer
Small cell lung cancer

fibronectin 1

HLA-E major histocompatibility complex Endocytosis
class I, E
Phagosome
Cell adhesion molecules (CAMs)
Antigen processing and presentation
Type I diabetes mellitus
HTLV-I infection
Herpes simplex infection
Epstein-Barr virus infection
Viral carcinogenesis
Autoimmune thyroid disease
Allograft rejection
Graft-versus-host disease
Viral myocarditis

MMP7 matrix metallopeptidase 7

Wnt signaling pathway

NEU1

Other glycan degradation
Sphingolipid metabolism
Lysosome

neuraminidase 1
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Figure 1
Flowchart of dataset filtering.
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Figure 2
PPI network of DEGs. The blue, red and purple nodes indicate cluster 1, cluster 2 and cluster 3,
respectively, which were identified by MCODE analysis.
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Figure 3
Network of the pink module from WGCNA based on topological overlap matrix. Orange nodes indicate
cluster 4, which was identified by MCODE analysis.
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Figure 4
The relationship between the degree and MCODE score of genes in the clusters. The size of bubbles
indicated the tissue score of the kidney evaluated by the STRING database.

Page 16/17

Figure 5
GO terms and KEGG pathway enrichment analysis for clusters of DEGs. The size of the bubbles indicates
the value of -log10(FDR).
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