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Abstract
Background: Although extensive study efforts on major depressive disorder (MDD), the pathogenesis
related to the biological factors are not fully understood and present therapeutic regimen are ineffective
in some depressive patients. This study aims to identify key genes and pathways associated with the
molecular biological mechanisms of major depressive disorder through bioinformatics analysis in the
Gene Expression Omnibus (GEO) public database of the National Center for Biotechnology Information
(NCBI) website.

Materials and methods:

The whole-transcriptome brain expression pro�le dataset (GSE101521) was obtained from the GEO
database. Differentially-expressed genes (DEGs) in normal group (non-psychiatric human) and MDD
group (depressive patients) were identi�ed applying Networkanalyst online database. Gene ontology (GO)
analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were performed to
function annotation and enrichment analysis. After that, STRING online database was conducted to
protein–protein interaction (PPI) network, and Cytoscape.3.7.2 software was performed to module
analysis.

Results: Out of the 41 DEGs identi�ed from normal tissue samples and MDD, 39 were upregulated and 2
were downregulated. GO enrichment analysis discovered that DEGs were primarily involved in
in�ammatory response, and KEGG pathway analysis suggested that the most chie�y pathway related to
MDD were IL-17 signaling pathway, TNF signaling pathway and NOD-like receptor signaling pathway. Six
hub genes (IL6, CXCL8, IL1B, FOS, CCL2 and CXCL2) were identi�ed by PPI network and module analysis.

Conclusion: Our current study detected novel markers and targets involved immune system, which are
involved in pivotal biological mechanisms related to the pathogenesis of major depression. Looking
forward, these �ndings still need to be validated in future experimental studies.

Background
Major depression disorder is a serious threat on the physical and mental health of people around the
world. The main characteristics of depression are low moods and unhappiness, and depression often
accompanied by fatigue, inattention, sleep disturbances and language disorders [1]. The research on the
pathogenesis of MDD have seen increasingly rapid advances. According to previous studies, a de�cit of
monoamines, in particular, serotonin, is one of the important pathogenesis of depression [2], but it has
also become increasingly clear that alterations in monoamine systems are not su�cient to explain the
full spectra of MDD.

In the search for underlying mechanisms, there was compelling evidence to support the importance of the
immune system and synaptic plasticity and the immune system exert a pivotal role on the development
of depressive symptoms. It is still extremely crucial to further investigate the molecular mechanisms and
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pathways underlying the etiology and pathogeny of depression to discover novel diagnostic and
treatment strategies for depression. Fortunately, with the advances of high-throughput sequencing
analyses, noval core genes and pathways have been demonstrated to be correlated with the genesis and
progression of depression. For example, Jollant F et al demonstrated that the serotonergic and nociceptin
systems are associated with the activity of depression using peripheral transcriptomic analyses [3]. Nilay
et al discovered that Plenty of evidence for IFN-α related molecular biological mechanisms related to
depression through whole-blood transcriptomic analyses [4]. Wang et al argued that NF-kappa B
signaling pathway were important for onset and development of depression by the analysis of the high-
throughput mRNA expression data sets [5]. Carboni et al discovered that growth factor signaling and
in�ammatory responses imbalanced in both depressive patients and depression symptoms animal
models by hippocampal transcriptional [6]. Therefore, investigating hub genes and pathways to
illuminate the interactions network among hub genes and pathways are fundamental for further
understanding the etiopathogenesis of major depressive disorders.

In our current study, we obtained dataset of Whole-transcriptome brain expression sequences from Gene
Expression Omnibus (GEO) public database, and founded many pivotal genes and pathways as
biomarkers in major depressive disorders by applying bioinformatics analysis. And the potential hub
genes and pathways we discovered can further help us better understanding pathogenesis underlying
major depressive disorder.

Materials And Methods
Whole-transcriptome Data and Identi�cation of DEGs.

The mRNA expression pro�le dataset GSE101521 was obtained from the GEO public database
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE101521)[7]. Gene expression data
information in GSE101521 based on the Illumina MiSeq human platform GPL15520. In this dataset,
twenty-nine non-psychiatric human dorsal lateral prefrontal cortex samples were collected from sudden
death non-psychiatric individuals, and thirty samples were collected from major depressive disorder
(MDD) with/without suicides individuals. The GSE101521 dataset was divided into two groups: normal
and MDD groups. The counts data from GSE101521 datasets were chosen for normalization using
networkanalyst (https://www.networkanalyst.ca/) website through edgeR. DEGs were identi�ed by
networkanalyst website between normal and MDD groups. The cutoff criteria were set as follows:
|log2Fold Change| > 1 and adj-P value <0.05. The study design is shown in a �ow diagram (Figure 1).

Gene Ontology (GO) and KEGG pathway enrichment analysis

GO enrichment analysis were performed applying the Database for Annotation, Visualization and
Integrated Discovery (DAVID), an online gene annotation software (https://DAVID.ncifcrf.gov/)[8, 9]. In
order to select the best biological process (BP), cellular components (CC), and molecular function (MF),
the most possible functions involved in DEGs were screened. KEGG is a database that integrates genes,
compounds, and regulatory networks in known biological processes, and analyzes gene function and

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE101521
https://www.networkanalyst.ca/
https://david.ncifcrf.gov/
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genome at the system level. In our present study, KEGG pathway analysis were conducted by KOBAS
(http:// http://kobas.cbi.pku.edu.cn/kobas3) [10]. The p-value <0.05 was considered statistically
signi�cant.

Protein-protein interaction network analysis

The STRING 11.0 online software (https://string-db.org/) [11] and Cytoscape (version: cytpscape.3.7.2)
[12] were performed to analyze protein-protein interaction network for DEGs. The STRING 11.0 online
database was performed to identify the interactions between DEGs and the Cytoscape software was
conducted to visualize the results. The MCODE plugin of Cytoscape was conducted to identify key
clusters of PPI network and cytohubba plugin of Cytoscape was performed to identify hub genes. Degree
cut-off = 2, node score cut-off = 0.2, k-core = 2, and max. depth = 100 were consider as the default
parameters criteria, and degree >10 was considered as hub gene. Genes in the key clusters were
performed functional enrichment and KEGG pathway analysis again.

Results
Identi�cation of DEGs

According to the criteria adj-P<0.05 and |Log2(FC)|>1, 41 DEGs were identi�ed when comparing the
normal and MDD groups. A total of 39 DEGs were upregulated and 2 were downregulated. DEGs were
shown in Figure.2 and Table.1.

GO and KEGG enrichment analyses of DEGs.

GO enrichment analysis was carried out on the 41 DEGs using DAVID online database. In terms of BP,
DEGs were primarily involved in in�ammatory response, positive regulation of angiogenesis, and cellular
response to heat (Figure.3A). In terms of CC, DEGs were most enriched in extracellular space, extracellular
region and cytosol (Figure.3B). In terms of MF, DEGs mainly participated in unfolded protein binding and
heat shock protein binding (Figure.3C). KEGG enrichment results suggested that DEGs were primarily
enriched in IL-17 signaling pathway, Legionellosis, and Measles (Figure.3D). GO enrichment analysis and
KEGG pathway suggested that the most associated biological function was the in�ammatory response.

PPI network

In order to dig out the highest depression-associated genes, PPI network analysis was conducted by
STRING 11.0 online database, and 41 DEGs were mapped into PPI network containing 28 nodes and 108
edges (Figure.4A). Our PPI network analysis results predicted that the 28 DEGs had effects on the
pathogenesis of depression. Three clusters were screened by the MCODE plugin of Cytoscape in the PPI
network. And between them, the cluster 1 contained 10 nodes (FOS, SELE, ATF3, CXCL8, TNFAIP3, IL6,
IL1B, C5AR1, CCL2, CXCL2) and 37 edges with the highest score (score=8.222) (Figure.4B); the cluster 2
contained 4 nodes and 6 edges (score=4.000) (Figure.4C), the cluster 3 contained 3 nodes and 3 edges
(score=3.000) (Figure.4D).

http://kobas.cbi.pku.edu.cn/kobas3
https://string-db.org/
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Function enrichment analysis were conducted again for DEGs of the cluster1, which had the highest
MCODE score. For GO enrichment analysis, the DEGs of cluster 1 were mostly enriched in in�ammatory
response and immune response (Figure.5A). KEGG analysis suggested that the DEGs of cluster 1 were
mostly enriched in IL-17 signaling pathway, TNF signaling pathway, and NOD-like receptor signaling
pathway. All six hub genes (CCL2, CXCL2, FOS, CXCL8, IL6 and IL1B) were mapped on IL-17 signaling
pathway, and �ve hub genes (CXCL2, CCL2, IL1B, FOS, IL6) were founded to be mapped on the TNF
signaling pathway (Figure.5B). Furthermore, �ve hub genes (CCL2, CXCL2, CXCL8, IL6 and IL1B) were
also identi�ed to be associated with NOD-like receptor signaling pathway in cluster 1. Six genes (IL6,
CXCL8, IL1B, FOS, CCL2 and CXCL2) were considered as hub genes by the cytohubba plugin of
Cytoscape in the cluster1 (degree>10).

Discussion
In the current study, we screened 41 DEGs and built the hub genes (IL6, CXCL8, IL1B, FOS, CCL2, CXCL2)
by PPI network and module analysis, and last KEGG pathway analysis revealed that the most chie�y
pathway related to MDD were IL-17 signaling pathway, TNF signaling pathway and NOD-like receptor
signaling pathway. This study indented novel markers and targets involved immune system which may
participate in pivotal mechanism involved in the pathogenesis of major depressive disorder.

Whole-transcriptome and next generation sequencing have produced numerous data sets including
lncRNA, miRNA, and mRNA expression pro�les with the development of high throughput technologies. A
mass of core new genes and pathways were identi�ed to predict potential pathogenesis of MDD by using
bioinformatics analysis. Different from other studies, here, we acquired datasets (GSE101521) of whole-
transcriptome expression pro�le from GEO, and applied bioinformatics analyses to �nd hub genes and
pathways connected to MDD. We submitted the DEGs at the signi�cance level of corrected p value < 0.05
to the DAVID online database and KOBAS online database for GO enrichment functional and KEGG
pathway analysis. The results from DAVID for GO enrichment functional annotation for DEGs and the
signi�cantly expressed genes assigned to KEGG pathway analysis suggested that the top signi�cant term
was in�ammatory response as a key functional signature related to the pathogenesis of depressive
patients. The GO enrichment of DEGs was mainly related to biological process including in�ammatory
response, positive regulation of angiogenesis, cellular response to heat, response to unfolded protein,
immune response, cellular response to lipopolysaccharide, etc. Furthermore, we founded that the
signi�cantly DEGs mapped to KEGG pathway analysis were IL-17 signaling pathway, TNF signaling
pathway, and NOD-like receptor signaling pathway, which were involved in MDD. Some of the results of
previous study were accordant to our current research demonstrated that immune and in�ammatory
response are initially considered to be related to the underlying biological response system which
involved in the etiopathogenesis of MDD. [13–15].

Increased in�ammatory cytokines and in�ammatory activation in the brain exert crucial roles in the
etiopathogenesis of MDD [16]. Some omics studies also have published that the IL-17 signaling pathway
and TNF signaling pathway were related to the depression process [17, 18]. TNF-α regulates microglia
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activation through the NF-κB signaling pathway and pro-in�ammatory cytokines, and thus plays a crucial
part in the neuroin�ammation [19]. Activation of NF-κB signaling pathway triggered the cytokines and
chemokines by IL-17 signals [20], while inhibiting the function of the IL-17 cytokine family could have a
bene�cial effect on pathogenic conditions in CNS [21, 22]. And NF-κB signaling cascades could also
activate NOD-like receptor (NLR) [23], and activation of NLR in�ammasome lead to subsequent release of
IL-1B by human macrophages [24]. At the same time Combined with the above research evidence and our
results, here, we speculated that NF-κB signaling cascades and activation of NOD-like receptor
signalingmight induced the unbalance of IL-17 signaling and TNF signaling, and result in a series of
immune in�ammation response include release of cytokines and chemokine (IL-1B, IL-6, CCL2, CXCL2)
which were crucial in pathogenesis of major depressive disorder (Figure.6).

But in fact, the present study has some limitations. The database in this study was performed from
postmortem brains, it might not exactly the same with the living tissue, so that whether the targets could
be extended to living tissue remains unknow and some of targets might lost. Hence, in future study, more
proteomic or RNA-seq, in MDD patients were in plan to exploring the molecular biology mechanisms of
major depressive disorder. In addition, hub genes and pathways we founded should be veri�ed by vivo
and vitro experiments.

Conclusions
In conclusion, our present research demonstrated that hub genes (IL6, CXCL8, IL1B, FOS, CCL2, CXCL2),
which participate in pivotal mechanism related to the etiopathogenesis of MDD, were activated via IL-17
signaling pathway, TNF signaling pathway and NOD-like receptor signaling pathway, which might
demonstrate novel markers and targets enriched immune in�ammation pathogenesis of major
depressive disorder. However, these �ndings still need to be validated in future experimental studies.

Abbreviations
MDD: major depressive disorder; DEGs: differentially expressed genes; GO: Gene ontology; PPI: protein–
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FOS: Fos proto-oncogene; CCL2: C-C motif chemokine ligand 2; CXCL2: C-X-C motif chemokine ligand 2;
GEO: Gene Expression Omnibus; DAVID: The Database for Annotation, Visualization and Integrated
Discovery.
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Table 1
The differential expressed genes were identi�ed when comparing the normal and MDD groups.
Ensembl GeneID Gene Symbol logFC PValue adj.P.Val Up/down-regulated

ENSG00000173110 HSPA6 5.8737 7.23E-16 2.30E-11 up-regulated

ENSG00000225217 HSPA7 4.4626 9.99E-13 1.59E-08 up-regulated

ENSG00000255823 MTRNR2L8 -3.5736 7.15E-12 7.58E-08 down-regulated

ENSG00000149257 SERPINH1 2.8477 1.86E-11 1.48E-07 up-regulated

ENSG00000169429 CXCL8 3.7158 2.09E-10 1.33E-06 up-regulated

ENSG00000007908 SELE 3.1341 7.36E-09 2.74E-05 up-regulated

ENSG00000108691 CCL2 2.3278 7.73E-09 2.74E-05 up-regulated

ENSG00000125538 IL1B 2.4031 2.37E-08 5.79E-05 up-regulated

ENSG00000261441 AC124068.2 2.7239 5.78E-06 0.007557 up-regulated

ENSG00000136244 IL6 3.0355 9.60E-06 0.010355 up-regulated

ENSG00000129988 LBP 2.378 4.43E-05 0.033271 up-regulated

ENSG00000162772 ATF3 1.8009 7.74E-09 2.74E-05 up-regulated

ENSG00000170345 FOS 1.7223 1.73E-08 5.00E-05 up-regulated

ENSG00000118503 TNFAIP3 1.618 1.14E-07 0.00026 up-regulated

ENSG00000138135 CH25H 1.2212 4.45E-07 0.000943 up-regulated

ENSG00000132002 DNAJB1 1.269 7.87E-07 0.001479 up-regulated

ENSG00000204389 HSPA1A 1.55 7.90E-07 0.001479 up-regulated

ENSG00000217527 RPS16P5 1.9163 1.04E-06 0.00183 up-regulated

ENSG00000204388 HSPA1B 1.4886 1.12E-06 0.001876 up-regulated

ENSG00000198805 PNP 1.0734 1.76E-06 0.002802 up-regulated

ENSG00000166592 RRAD 1.5785 2.12E-06 0.003215 up-regulated

ENSG00000125740 FOSB 1.5646 4.16E-06 0.006012 up-regulated

ENSG00000115008 IL1A 1.6225 5.33E-06 0.007372 up-regulated

ENSG00000137801 THBS1 1.2124 5.94E-06 0.007557 up-regulated

ENSG00000106211 HSPB1 1.2338 7.34E-06 0.008704 up-regulated

ENSG00000124762 CDKN1A 1.3617 8.49E-06 0.009652 up-regulated

ENSG00000081041 CXCL2 1.8547 1.27E-05 0.013026 up-regulated
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Ensembl GeneID Gene Symbol logFC PValue adj.P.Val Up/down-regulated

ENSG00000105825 TFPI2 1.9105 1.80E-05 0.017307 up-regulated

ENSG00000197405 C5AR1 1.1513 2.20E-05 0.020577 up-regulated

ENSG00000143333 RGS16 1.0112 2.47E-05 0.022019 up-regulated

ENSG00000128016 ZFP36 1.3924 2.71E-05 0.023341 up-regulated

ENSG00000006327 TNFRSF12A 1.5202 3.15E-05 0.026388 up-regulated

ENSG00000151929 BAG3 1.3813 3.57E-05 0.029147 up-regulated

ENSG00000146410 MTFR2 1.3841 3.84E-05 0.030542 up-regulated

ENSG00000214814 FER1L6 -1.6258 4.04E-05 0.03133 down-regulated

ENSG00000139151 PLCZ1 1.4809 4.50E-05 0.033271 up-regulated

ENSG00000148926 ADM 1.3525 5.00E-05 0.034381 up-regulated

ENSG00000146904 EPHA1 1.0071 5.14E-05 0.034381 up-regulated

ENSG00000133874 RNF122 1.2358 5.19E-05 0.034381 up-regulated

ENSG00000109321 AREG 1.8551 5.83E-05 0.036681 up-regulated

ENSG00000230650 AC140479.2 1.8274 6.89E-05 0.042138 up-regulated

Figures
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Figure 1

Flow diagram of our present study.
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Figure 2

Volcano plot of differential expression genes. Red points as up-regulated DEGs, green plots as down-
regulated DEGs, and gray plots as genes with no signi�cant difference.
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Figure 3

GO and KEGG enrichment analyses of DEGs; (A) The top 10 enrichen GO terms of DEGs (BP); (B) The top
10 enrichen GO terms of DEGs (CC); (C) The top 10 enrichen GO terms of DEGs (MF); (D) The top 10
enrichen KEGG pathways of DEGs.
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Figure 4

PPI network analysis of DEGs and MCODE clusters analysis; (A)The PPI network. Proteins were
represented with color nodes, and interactions were presented with edges. (B) The cluster1 of PPI
network; (C) The cluster2 of PPI network; (D) The cluster3 of PPI network.
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Figure 5

GO and KEGG enrichment analyses of cluster1; (A) The top 10 enrichen GO terms of cluster1; (B) The top
10 enrichen KEGG pathways of cluster1.
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Figure 6

Hub genes were activated through IL-17 signaling pathway, TNF signaling pathway and NOD-like receptor
signaling pathway.


