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Background: Preeclampsia (PE) is the primary cause of perinatal maternal-fetal
mortality and morbidity. The exact molecular mechanisms of PE pathogenesis
are largely unknown. This study aims to identify the hub genes in PE and explore
their potential molecular regulatory network.

Methods: We downloaded the GSE148241, GSE190971, GSE74341, and
GSE114691 datasets for the placenta and performed a differential expression
analysis to identify hub genes. We performed Gene Ontology (GO), Kyoto
Encyclopedia of Genes and Genomes (KEGG), Disease Ontology (DO), Gene
Set Enrichment Analysis (GSEA), and Protein—Protein Interaction (PPI) Analysis
to determine functional roles and regulatory networks of differentially
expressed genes (DEGs). We then verified the DEGs at transcriptional and
translational levels by analyzing the GSE44711 and GSE177049 datasets and
our clinical samples, respectively.

Results: We identified 60 DEGs in the discovery phase, consisting of 7
downregulated genes and 53 upregulated genes. We then identified seven hub
genes using Cytoscape software. In the verification phase, 4 and 3 of the seven
genes exhibited the same variation patterns at the transcriptional level in the
GSE44711 and GSE177049 datasets, respectively. Validation of our clinical
samples showed that CADM3 has the best discriminative performance for
predicting PE

Conclusion: These findings may enhance the understanding of PE and provide
new insight into identifying potential therapeutic targets for PE.
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Introduction

Preeclampsia (PE) is a pregnancy-related disease that occurs
after the 20th gestational week, characterized by clinical symptoms
such as hypertension, proteinuria, poor placental vascularization,
abnormal maternal cardiovascular adaptations, and fetal growth
restriction. PE is the leading cause of maternal and fetal mortality
and morbidity worldwide, affecting up to 10% of pregnancies (1, 2).
The underlying mechanism and preventive treatment for PE are still
under investigation.

With the rapid development of next-generation sequencing,
the exploration of diagnostic and therapeutic biomarkers for PE
has made significant progress. Bioinformatics analysis of these big
data provides new leads for identifying reliable and functional
differentially expressed genes and transcripts. Reanalyzing these
big data from various medical sources might provide novel
insights from other perspectives and evidence for mapping
molecular pathogenesis networks of disease. In recent years,
several independent studies on EOPE (early-onset pre-
eclampsia) using RNA sequencing technology and
bioinformatics analysis have identified dysregulated pathways,
including the G-protein coupled receptor (GPCR) signaling
pathway, endocytosis pathway, the focal adhesion pathway, as
well as abnormal expression of multiple miRNAs and mRNAs (3-
5). These findings provide important insights into the
pathophysiology of EOPE. However, due to small sample sizes,
the improper grouping of clinical subtypes, and insufficient
analyzing the transcriptome data, studies failed to identify
distinct molecular markers in PE.

In the present study, we analyzed four publicly available
microarray datasets of early-onset eclampsia retrieved from Gene
Expression Omnibus (GEO), an array- and sequence-based
database repository submitted by the research community. We
used computational approaches to identify differentially expressed
genes (DEGs) associated with PE and conducted enrichment
analysis and protein-protein interaction (PPI) networks. We then
another two validation cohorts to validate dysregulated expressions
from GEO datasets. Further, we then used RT-PCR to test the
mRNA expression levels of the identified genes using PE and
control samples from clinical, expecting to provide potential
biomolecules for early detection of PE, subsequent clinical
treatment, and more fully understand the pathogenesis
mechanism of PE.

TABLE 1 Data resource.

10.3389/fendo.2023.1190012

Materials and methods
Expression profile dataset selection

We searched for the gene expression profile data of early-onset
PE (EOPE) in the GEO database and screened the identified
datasets according to the inclusion and exclusion criteria. The
inclusion criteria were as follows (1): including five or more pairs
of samples from the EOPE group and normal group (2), the Dataset
type is expression profiling by array or RNA profiling by array (3),
the sample type is the human placenta. The exclusion criteria were
as follows: no complete gene expression profile data was provided.
Finally, six datasets related to EOPE in placenta tissue
transcriptome data were retrieved through the GEO database. The
information on these datasets was displayed in Table 1. GSE74341,
GSE114691, GSE148241, and GSE190971 datasets were used for
bioinformatic analysis. GSE177049 and GSE44711 were used for
validation of the bioinformatic analysis.

Data processing and differentially
expressed genes identification

Raw microarray data for six datasets were downloaded from the
GEO database. We normalized the data using the R package limma
(6) and converted it to log, values for further analysis. We used the
R package limma to obtain DEGs between the EOPE and control
groups from GSE74341, GSE114691, GSE148241, and GSE190971
datasets. Genes with p < 0.05 and |log, fold change (FC)| = 1 were
considered DEGs in the respective databases. The overlapping
DEGs among the four datasets were considered the final DEGs.
The volcano maps and Venn diagrams were generated through the
Sangerbox 3.0 (http://sangerbox.com/) (7).

Function and pathway analysis of DEGs

Gene ontology analysis (GO) is an effective method for
annotating genes and identifying characteristic biological
attributes, including biological processes (BP), molecular
functions (MF), and cellular components (CC) (8). The Kyoto
Encyclopedia of Genes and Genomes (KEGG) database offers a
thorough collection of data on protein interaction networks and

ID Status(N:P) Organism Tissue Platform Analysis or Validation
GSE148241 32:9 Homo sapiens Placenta GPL16791 Analysis

GSE190971 6:7 Homo sapiens Placenta GPL11154 Analysis

GSE74341 10:7 Homo sapiens Placenta GPL16699 Analysis

GSE114691 21:20 Homo sapiens Placenta GPL11154 Analysis

GSE44711 8:8 Homo sapiens Placenta GPL10558 Validation

GSE177049 6:6 Homo sapiens Placenta GPL24676 Validation
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bio-interpretation of genomic sequences (9). Genes are annotated in
Disease Ontology (DO) with links to human diseases (10). In our
study, GO, KEGG, and DO enrichment analysis of DEGs were
completed by the ‘clusterProfiler’ package in R software (11). For all
the cases, we recorded all the enriched terms with p-value < 0.05.

Gene set enrichment analyse of datasets

Gene Set Enrichment Analysis (GSEA) is a gene set-based
functional pathway enrichment analysis method that calculates
the enrichment fraction of gene sets in each functional pathway
(12). GSEA was performed using GSEABase, clusterProfiler, and
org.Hs.eg.db packages. Differences at p-value < 0.05 were defined as
the cutoff criteria.

PPl network analysis

PPI network analysis of DEGs was performed using the online
STRING website (https://string-db.org/) (13). Then, use Cytoscape
software (10) to visualize the PPI network. The screening condition
for constructing the PPI network was a combined score > 0.3.

Identifying the key module and hub genes

Molecular Complex Detection (MCODE) is a plugin for
Cytoscape to build important functional modules in PPI networks
(14). Parameters were set as Node Score Cutoff = 0.2, Degree
Cutoff = 2, K-Core = 4, and Max. Depth = 100. Moreover, three
algorithms, namely, Density of Maximum Neighborhood
Component (DMNC), Maximum Neighborhood Component
(MNC), and Clustering Coefficient, were used in the cytoHubba
plugin (15) to determine the top 12 hub genes. The genes that were
present in all three algorithm results were considered the final hub
genes. In addition, a sub-network of hub genes was generated from
the PPI network.

Verification of hub gene expression by
validation datasets

The validation datasets were processed in the same way as the
analysis datasets. The mRNA level of the hub genes was validated in
the GSE177049 and GSE44711 datasets.

Validation of clinical specimens

Quantitative reverse transcriptase-PCR (RT-PCR) was used for
the quantitative expression of hub genes. Placentas were collected
from 18 clinical samples, including 9 healthy controls and 9 with
EOPE. The cycle threshold (CT) data were determined, and the
mean CT was determined from triplicate PCRs. Relative gene

expression was calculated with the equation 2747,
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Construction of miRNAs-hub genes
network and TFs-hub genes network

Target miRNAs of the hub genes were predicted with the
miRTarBase (16), Starbase (17), and Targetscan (18) databases. To
improve the prediction accuracy, We chose predicted miRNAs for each
hub gene, which were predicted by at least two databases. Predicted
miRNAs that regulate multiple hub genes were considered critical
miRNAs. We submitted the hub genes to ChIP-X Enrichment Analysis
3 (ChEA3) platform for TF prediction (19). Hub genes-associated TFs
were ranked by mean rank score. Finally, we selected the TFs which
score < 50 as key predicted TFs. The miRNAs-hub genes network and
TFs-hub genes network were visualized using Cytoscape.

Statistical analysis

We used R software and GraphPad Prism to conduct statistical
analyses. For RNA-seq datasets, we utilized the R package limma to
identify DEGs. To determine key modules and hub genes in the protein-
protein interaction network, we employed two commonly used
Cytoscape plugins, MCODE and cytoHubba software. In the
verification analysis, the normality of continuous variables was assessed
using the Shapiro-Wilk test, and the homogeneity of variances was tested
using Levene’s test. For normally distributed data, two-tailed t-tests were
performed. For non-normally distributed data, the Mann-Whitney U
test was used. p<0.05 was considered to be statistically significant.

Results

Identification of DEGs in PE

We performed a systematic review of GEO datasets to identify the
DEGs between normal pregnant women and women with PE. A
schematic representation of the screening strategy to identify such
compounds is shown in Figure 1. We selected four acceptable datasets,
GSE148241, GSE190971, GSE74341, and GSE114691, which
comprised at least 5 pairs of normal or PE placenta expression
profiling by RNA array (Table 1). Based on the criteria of [log, FC|>
1 and P < 0.05 of the data preprocessing specified in the Materials and
Methods section, we identified and visualized the DEGs in related
datasets by volcano mapping and heat mapping in the respective
databases (Figures 2A-D; Supplementary Figure 1). We draw a
Venn diagram showing the DEGs from the 4 datasets. As
shown in Figures 2E, F, we obtained a total of 60 DEGs, of
which 7 downregulated genes and 53 upregulated genes
(Supplementary Table 1).

GO, KEGG, and DO enrichment
results of DEGs

To better understand the function of the overlapping genes, we
subjected the 60 overlapping genes to GO, KEGG, DO, and GSEA
analyses. According to the results of GO analysis results, the changes in
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The flowchart of the analysis process.

biological processes (BP) of DEGs were significantly enriched in the
‘regulation of transmembrane receptor protein serine/threonine kinase
signaling pathway,” ‘transmembrane receptor protein serine/threonine
kinase signaling pathway, ‘positive regulation of MAPK cascade,
‘regulation of gonadotropin secretion,” and ‘gonadotropin secretion’;
the changes in cell component (CC) of DEGs were enriched in
‘photoreceptor inner segment, ‘microtubule organizing center
attachment site, ‘meiotic nuclear membrane microtubule tethering
complex,” ‘nuclear membrane protein complex,” and ‘nuclear
membrane microtubule tethering complex’; and the changes in
molecular function (MF) were enriched in ‘hormone activity,’
‘growth factor binding,’ ‘transmembrane receptor protein kinase
activity, ‘activin binding, and ‘sodium-independent organic anion
transmembrane transporter activity.” (Figures 3A, B). KEGG pathway
analysis revealed that the pathways enriched by dysregulated DEGs
include ‘cytokine-cytokine receptor interaction,” ‘transcriptional
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misregulation in cancer,” ‘Ras signaling pathway,” “TGF-beta signaling
pathway, and ‘HIF-1 signaling pathway (Figure 3C). DO analysis
revealed that the diseases enriched by dysregulated DEGs include
‘preeclampsia,” ‘gestational diabetes,” ‘Kuhnt-Junlus degeneration of
macula and posterior pole, ‘Leydig cell tumor,” and ‘placenta cancer’
(Figure 3D). The top five GO terms and all KEGG and DO pathways
are displayed visually (Figure 3). Moreover, we utilized GSEA to
quantify the potential functional pathway (Table 2).

Protein-protein interaction
network analysis
We uploaded DEGs to the STRING online database to form the

protein-protein interaction network. We used the Cytoscape
software to generate a PPI network. With a PPI score > 0.3, we
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Identification of DEGs between the normal group and EOPE group in the analysis datasets. (A-D) The volcano plots of DEGs in GSE190971,
GSE148241, GSE74341, and GSE114691, respectively. Red dots indicate genes with high expression levels, blue dots indicate genes with low
expression levels, and black dots indicate genes with no differential expression based on the criteria of p-value < 0.05 and |log 2 fold change
(FC)| > 1, respectively. (E, F) Venn diagrams showed the overlaps of numbers of upregulated (E) and down-regulated (F) DEGs between the four

analysis datasets.

built a PPI network with 37 DEGs after hiding disconnected nodes
(Figure 4A). Next, we identified one key module based on MCODE
analysis (MCODE score = 3.333), including four key DEGs,
CADM3, KCNF1, NTRK2, and PHYHIP (Figure 4B). We also
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identified seven hub genes (Figure 4C), which included the 4 DEGs
from MCODE analysis and the other three genes (PAPPA2,
HTRA4, and INHBA) in three algorithms simultaneously
(DMNC, MNC, and Clustering Coefficient).
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the result of DO enrichment.

Dataset and clinical validation of 7 hub
genes expression

To validate the critical genes identified by PPI analysis, we examined
the seven potential key genes in the GEO database GSE44711 and
GSE177049 (Table 1). Figure 5A showed the violin plots of differentially
expressed genes in GSE44711, where genes HTRA4, NTRK2, and
PAPPA2 were significantly upregulated, while CADM3 was
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downregulated (Figure 5A). We further revealed the relationship
between the expression of these genes using the database GSE177049.
The expression of HTRA4 and PHYHIP genes were significantly
upregulated, while gene CADM3 was significantly downregulated
(Figure 5B). Next, we collected placental tissues from normal pregnant
women and women with PE, and via RT-PCR, we investigated the
relative gene expression levels of the seven genes. We observed that
CADMS3 showed decreased expression while NTRK2 showed increased
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TABLE 2 Summarize GSEA results of analysis datasets.

10.3389/fendo.2023.1190012

ID Description Regulation Analysis datasets
hsa00513 Various types of N-glycan biosynthesis Up GSE74341,GSE114691,GSE190971
hsa04371 Apelin signaling pathway Down GSE74341;GSE114691;GSE148241;GSE190971
hsa04613 Neutrophil extracellular trap formation Down GSE74341;GSE114691;GSE148241;GSE190971
hsa04921 Oxytocin signaling pathway Down GSE74341;GSE114691;GSE148241;GSE190971
hsa00532 Glycosaminoglycan biosynthesis - chondroitin sulfate/dermatan sulfate Down GSE74341;GSE114691;GSE148241
hsa04022 c¢GMP-PKG signaling pathway Down GSE74341;GSE114691;GSE190971
hsa04260 Cardiac muscle contraction Down GSE74341;GSE114691;GSE148241
hsa04261 Adrenergic signaling in cardiomyocytes Down GSE74341;GSE114691;GSE148241
hsa04270 Vascular smooth muscle contraction Down GSE74341;GSE114691;GSE190971
hsa04310 Wnat signaling pathway Down GSE74341;GSE114691;GSE148241
hsa04512 ECM-receptor interaction Down GSE74341;GSE114691;GSE148241
hsa04540 Gap junction Down GSE74341;GSE114691;GSE148241
hsa04610 Complement and coagulation cascades Down GSE74341;GSE114691;GSE148241
hsa04611 Platelet activation Down GSE74341;GSE114691;GSE190971
hsa04621 NOD-like receptor signaling pathway Down GSE74341;GSE114691;GSE190971
hsa04670 Leukocyte transendothelial migration Down GSE74341;GSE148241;GSE190971
hsa04713 Circadian entrainment Down GSE74341;GSE114691;GSE148241
hsa04725 Cholinergic synapse Down GSE74341;GSE114691;GSE148241
hsa04933 AGE-RAGE signaling pathway in diabetic complications Down GSE74341;GSE114691;GSE148241
hsa05032 Morphine addiction Down GSE74341;GSE114691;GSE148241
hsa05143 African trypanosomiasis Down GSE74341;GSE148241;GSE190971
hsa05144 Malaria Down GSE74341;GSE114691;GSE148241
hsa05412 Arrhythmogenic right ventricular cardiomyopathy Down GSE74341;GSE114691;GSE148241
hsa05414 Dilated cardiomyopathy Down GSE74341;GSE114691;GSE148241

expression levels in the PE group relative to their expression levels in the
normal group (Figures 5C-I). To further evaluate the relationship
between these seven hub genes and PE, we used the GSE190971
dataset, which has patient blood pressure information, to validate the
correlation between the hub gene expression and the highest blood
pressure. As shown in Supplementary Figure 2, CADM3 was negatively
correlated to the patient’s blood pressure, while all the other six hub genes
positively correlated to the patient’s blood pressure. We also plotted ROC
curves and AUC values to evaluate hub genes’ sensitivity and specificity
for EOPE diagnosis. The results indicated both CADM3 were highly
accurate in EOPE diagnosis, and the AUC was 0.864 (Figure 5]).

miRNAs-hub genes and TFs-hub
genes network

To further explore the regulatory function of the hub genes, we
predicted target miRNAs from three online database and TFs from
one online database. We submitted the hub genes to ChIP-X
Enrichment Analysis 3 (ChEA3) platform for TF prediction (19).

Frontiers in Endocrinology

Hub genes-associated TFs were ranked by mean rank score. Finally,
we selected the TFs which score < 50 as key predicted TFs. We
identified seven TFs, ARNT2, KCNIP3, ZIC1, RORB, NACC2,
ZNF285, and SCRT1 (Figure 6A). We predicted target miRNAs
of the hub genes using the miRTarBase (16), Starbase (17), and
Targetscan (18) databases. To improve the accuracy of the
prediction, We chose predicted at least two databases miRNAs for
each hub gene. Predicted critical miRNAs regulate multiple hub
genes (Figure 6B).

Discussion

Preeclampsia is divided into early-onset preeclampsia and late-
onset preeclampsia, based on gestational age at diagnosis or
delivery. Early-onset preeclampsia, less common than late-onset
preeclampsia but with more severe clinical onset features, threatens
maternal and fetal health worldwide, especially in developing
countries (20-22). The pathogenesis of EOPE is unclear, and an
ideal early clinical biomarker for the prediction of EOPE are
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10.3389/fendo.2023.1190012

FIGURE 4

PPI network, hub genes identification, and function module identification. (A) PPI network displayed 37 DEGs in the PPI network after hiding
disconnected nodes in the network, (B) One key module was identified based on MCODE analysis. (C) Seven hub genes were present in three
algorithms simultaneously (DMNC, MNC, and Clustering Coefficient). These seven genes were shown in red octagon in (A).

PAPPA2
HTRA4
NTRK2
PHYHIP
INHBA
KCNF1
CADM3

ClusteringCoefficient

lacking. Several studies used bioinformatics analysis techniques to
uncover potential biomarkers and cellular signaling pathways in
preeclampsia (23, 24); however, in most of these studies,
preeclampsia was not classified as early-onset eclampsia and late-
onset eclampsia. In contrast to previous studies that only analyzed a
single dataset (25, 26), this study combined four GEO datasets
related to EOPE for bioinformatics analyses to explore potential
signaling pathways and biomarkers of EOPE. In addition, we used
two other GEO datasets associated with EOPE and local clinical
samples to validate the biomarkers.

Frontiers in Endocrinology

Disease Ontology (DO) analysis for the 60 DEGs revealed that
PE had the highest enrichment score, indicating that the DEGs
obtained in this study were strongly associated with preeclampsia.
We further used KEGG and GO to validate the DEGs. Our analysis
demonstrated that multiple enriched signaling pathways are related
to the pathogenesis of PE. A previous study revealed that serine/
threonine kinases are involved in the placental inflammatory
response (27) and are the most common signaling pathway when
analyzing the fetal genes with severe PE (28). Our data supported
the hypothesis that serine/threonine kinase may affect the EOPE
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FIGURE 5

Dataset and clinical validation of 7 hub genes. (A, B) Split violin plots exhibiting expression intensity and expression levels of 7 hub genes in GSE44711
(A) and GSE177049 (B). Blue represents normal placenta tissue, while red represents the placenta tissue of EOPE. (C-I) Validation of differential
MRNA expression of hub genes between EOPE and normal placentas in local clinical samples. (J) The ROC curves showed the diagnostic value of
CADM3 and NTRK2 in EOPE, based on local clinical samples, with AUC values shown below the curves. Data shown mean + SEM. n = 9 *p < 0.05,

**p < 0.01, ***p < 0.001; ns: p > 0.05.

patient and their offspring. Both previous studies and our results ~ Oxocarboxylic acid metabolism (36, 37) are critical pathways for
demonstrated that gonadotropin regulation and secretion (29, 30),  PE development.

Cytokine-cytokine receptor interaction (31), the activation of the We also performed a GSEA analysis on each database in this
Ras signaling pathway and MAPK signaling pathway (32), TGF-B  study to obtain more potential pathways. Unlike KEGG and GO,
signaling pathway (33), HIF-1 signaling pathway (34, 35), and 2- ~ GSEA was performed on the complete gene expression profile and
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FIGURE 6

The predicted miRNAs-hub genes regulatory network and predicted TFs-hub genes regulatory network. (A) The TFs-hub genes regulatory network.

(B) The miRNA-hub genes regulatory network.

obtained signaling pathways that may be up- or down-regulated
when a positive phenotype occurs. The present study combined
GSEA results from four databases and hypothesized a potential link
between the Apelin signaling pathway and eclampsia. Although no
previous eclampsia study mentioned the Apelin signaling pathway,
studies reported in amniotic cells (38) and primordial trophoblast
cells (39) that silencing the Apelin signaling pathway promoted the
release of inflammatory factors, including IL-1f, IL-6, and IL-8,

Frontiers in Endocrinology

which provide critical roles in multiple aspects of PE development
(40-42). In the present study, we speculate that down-regulation of
the Apelin signaling pathway induced the release of these
inflammatory cytokines from placental tissue and promoted the
development of EOPE.

The present study identified 7 DEGs (PAPPA2, HTRA4,
NTRK2, PHYHIP, INHBA, KCNF1, and CADM3) as hub genes
that play essential roles in EOPE. The validated datasets and our
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confirmation experiments using the local clinical placenta samples
demonstrated that the mRNA expression of PAPPA2, HTRA4,
NTRK2, PHYHIP, and CADM3 genes differ between EOPE and
healthy maternal placenta. Previous studies reported that PAPPA2
and HTRA4 are biomarkers of EOPE (43-45), while no such studies
regarding PHYHIP, NTRK2, and CADM3 for EOPE, indicate these
three DEGs might be new biomarkers of the disease. Our data
showed for the first time that the mRNA expression of NTRK2 is
higher in the EOPE placenta, while NTRK2(TrkB) protein is
significantly higher in female depression patients than in the
healthy control group (46). There’s a link between PE and
postpartum depression (PPD), recent studies have shown that
20.5% of women with PE or eclampsia suffer from postpartum
depression (47), women who had PE had nearly 3-fold increased
odds of PPD compared to normal women, and the risk of PPD
increased with the aggravation of PE (48). Taken together, we
speculate that overexpression of NTRK2 in EOPE patients may
account for the vulnerability of PPD in EOPE patients, but this
needs to be verified in follow-up studies. Our data also revealed that
CADM3 mRNA was down-regulated in EOPE patients. CADM3
codes for the cell adhesion molecule 3 protein, also called nectin-
like molecule 1 (necl-1). CADM3 is a tumor suppressor gene, while
the functions of many tumor suppressor genes on eclampsia have
different results (49-51), the role of CADM3 on early eclampsia
remains unclear. CADM3 may be a complementary and innovative
point in the study of the tumor suppressor genes in the pathogenesis
of EOPE. In the present study, we verified that NTRK2 and CADM3
were biomarkers of EOPE, revealed that NTRK2 and CADM3 had
good diagnostic efficacy, especially CADM3, whose area under
ROC curve (AUC) was up to 86.4%, indicating CADM3 is a good
diagnostic marker for EOPE. Moreover, we also found a strong
negative correlation between the expression of CADM3 mRNA and
the maximum blood pressure of pregnant women, suggesting that
CADM3 may also be related to the severity of EOPE.

To further investigate the regulatory mechanism of hub genes in
EOPE, we predicted miRNAs and TFs regulating hub genes based
on the prediction databases. We noticed that ARNT2 gene, a TF
that can simultaneously target five hub genes. Previous studies
showed that ARNT2 mRNA expression is increased in the placenta
of PE patients (52), it involved in the PE developmental classic
pathway (HIF-1 signaling pathway) (53); in addition, the up-
regulation of BCL6-ARNT2 pathway increased the sensitive of
trophoblast to ischemia and hypoxia and increased the expression
of FLT1 (52), which is a major driver of elevated blood pressure in
the end-stage PE pathway (54). We also predicted multiple miRNAs
that targets new biomarker CADM3, including miR-195-5p, whose
expression was increased in PE placenta (55). In endothelial cells
incubated with PE plasma, miR-195-5p expression is elevated,
which leads to decreased VEGFA expression and decreased
angiogenesis (56).

It must be emphasized that we relied on previously published
datasets in this study. The suggested pathogenic mechanisms of
miR-195-5p and CADM3 related to EOPE needs further validation
in cell and/or animal model.

Frontiers in Endocrinology

11

10.3389/fendo.2023.1190012

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

Ethics statement

The studies involving human participants were reviewed and
approved by Guangzhou First People’s Hospital. The patients/
participants provided their written informed consent to
participate in this study.

Author contributions

HL conceived and supervised the study. YG wrote the original
draft of the manuscript. GZ and HL revised the manuscript. YG,
ZW, SL, and YC performed the experiments and analyzed the data.
All authors contributed to the article and approved the
submitted version.

Funding

This work was supported by National Natural Science
Foundation for Young Scientists of China (No. 82201809),
Guangdong Natural Science Foundation (No. 2023A1515010514),
and China Postdoctoral Science Foundation fellowship (No.
2022M720902) awarded to HL.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fend0.2023.1190012/
full#supplementary-material

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fendo.2023.1190012/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fendo.2023.1190012/full#supplementary-material
https://doi.org/10.3389/fendo.2023.1190012
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Gao et al.

References

1. Sibai B, Dekker G, Kupferminc M. Pre-eclampsia. Lancet (2005) 365:785-99. doi:
10.1016/50140-6736(05)17987-2

2. Ives CW, Sinkey R, Rajapreyar I, Tita ATN, Oparil S. Preeclampsia-
pathophysiology and clinical presentations: JACC state-of-the-art review. ] Am Coll
Cardiol (2020) 76:1690-702. doi: 10.1016/j.jacc.2020.08.014

3. Awamleh Z, Gloor GB, Han VKM. Placental microRNAs in pregnancies with
early onset intrauterine growth restriction and preeclampsia: potential impact on gene
expression and pathophysiology. BMC Med Genomics (2019) 12:91. doi: 10.1186/
512920-019-0548-x

4. Yang X, Yang ], Liang X, Chen Q, Jiang S, Liu H, et al. Landscape of dysregulated
placental RNA editing associated with preeclampsia. Hypertension (2020) 75:1532-41.
doi: 10.1161/HYPERTENSIONAHA.120.14756

5. Liang M, Niu J, Zhang L, Deng H, Ma J, Zhou W, et al. Gene expression profiling
reveals different molecular patterns in G-protein coupled receptor signaling pathways
between early- and late-onset preeclampsia. Placenta (2016) 40:52-9. doi: 10.1016/
j.placenta.2016.02.015

6. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic
Acids Res (2015) 43:e47. doi: 10.1093/nar/gkv007

7. Shen W, Song Z, Zhong X, Huang M, Shen D, Gao P, et al. Sangerbox: A
comprehensive, interaction-friendly clinical bioinformatics analysis platform. iMeta
(2022) 1:e36. doi: 10.1002/imt2.36

8. Blake JA, Christie KR, Dolan ME, Drabkin HJ, Hill DP, Ni L. Gene Ontology
Consortium: going forward. Nucleic Acids Res (2015) 43:D1049-1056. doi: 10.1093/nar/
gkul179

9. Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic
Acids Res (2000) 28:27-30. doi: 10.1093/nar/28.1.27

10. Schriml LM, Mitraka E, Munro J, Tauber B, Schor M, Nickle L, et al. Human
Disease Ontology 2018 update: classification, content and workflow expansion. Nucleic
Acids Res (2019) 47:D955-d962. doi: 10.1093/nar/gky1032

11. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing
biological themes among gene clusters. Omics (2012) 16:284-7. doi: 10.1089/
omi.2011.0118

12. Joly JH, Lowry WE, Graham NA. Differential Gene Set Enrichment Analysis: a
statistical approach to quantify the relative enrichment of two gene sets. Bioinformatics
(2021) 36:5247-54. doi: 10.1093/bioinformatics/btaa658

13. Franceschini A, Szklarczyk D, Frankild S, Kuhn M, Simonovic M, Roth A, et al.
STRING v9.1: protein-protein interaction networks, with increased coverage and
integration. Nucleic Acids Res (2013) 41:D808-815. doi: 10.1093/nar/gks1094

14. Bader GD, Hogue CW. An automated method for finding molecular complexes in
large protein interaction networks. BMC Bioinf (2003) 4:2. doi: 10.1186/1471-2105-4-2

15. Chin CH, Chen SH, Wu HH, Ho CW, Ko MT, Lin CY. cytoHubba: identifying
hub objects and sub-networks from complex interactome. BMC Syst Biol (2014) 8
Suppl:4, S11. doi: 10.1186/1752-0509-8-S4-S11

16. Huang HY, Lin YC, Cui S, Huang Y, Tang Y, Xu J, et al. miRTarBase update
2022: an informative resource for experimentally validated miRNA-target interactions.
Nucleic Acids Res (2022) 50:D222-d230. doi: 10.1093/nar/gkab1079

17. LiJH, Liu S, Zhou H, Qu LH, Yang JH. starBase v2.0: decoding miRNA-ceRNA,
miRNA-ncRNA and protein-RNA interaction networks from large-scale CLIP-Seq
data. Nucleic Acids Res (2014) 42:D92-97. doi: 10.1093/nar/gkt1248

18. Agarwal V, Bell GW, Nam JW, Bartel DP. Predicting effective microRNA target
sites in mammalian mRNAs. Elife (2015) 4:001-038. doi: 10.7554/eLife.05005

19. Keenan AB, Torre D, Lachmann A, Leong AK, Wojciechowicz ML, Utti V, et al.
ChEA3: transcription factor enrichment analysis by orthogonal omics integration.
Nucleic Acids Res (2019) 47:W212-w224. doi: 10.1093/nar/gkz446

20. Sandrim VC, Caldeira-Dias M, Bettiol H, Barbieri MA, Cardoso VC, Cavalli RC.
Circulating heme oxygenase-1: not a predictor of preeclampsia but highly expressed in
pregnant women who subsequently develop severe preeclampsia. Oxid Med Cell Longev
(2018) 2018:6035868. doi: 10.1155/2018/6035868

21. Osungbade KO, Ige OK. Public health perspectives of preeclampsia in
developing countries: implication for health system strengthening. J Pregnancy
(2011) 2011:481095. doi: 10.1155/2011/481095

22. Tang Z,Ji Y, Zhou S, Su T, Yuan Z, Han N, et al. Development and validation
of multi-stage prediction models for pre-eclampsia: A retrospective cohort study on
chinese women. Front Public Health (2022) 10:911975. doi: 10.3389/
fpubh.2022.911975

23. Yang MY, Ji MH, Shen T, Lei L. Integrated analysis identifies four genes as novel
diagnostic biomarkers which correlate with immune infiltration in preeclampsia. J
Immunol Res (2022) 2022:2373694. doi: 10.1155/2022/2373694

24. Kawasaki K, Kondoh E, Chigusa Y, Ujita M, Murakami R, Mogami H, et al.
Reliable pre-eclampsia pathways based on multiple independent microarray data sets.
Mol Hum Reprod (2015) 21:217-24. doi: 10.1093/molehr/gau096

Frontiers in Endocrinology

12

10.3389/fendo.2023.1190012

25. Ma, Lin H, Zhang H, Song X, Yang H. Identification of potential crucial genes
associated with early-onset pre-eclampsia via a microarray analysis. ] Obstet Gynaecol
Res (2017) 43:812-9. doi: 10.1111/jog.13275

26. Song]J, LiY, An RF. Identification of early-onset preeclampsia-related genes and
microRNAs by bioinformatics approaches. Reprod Sci (2015) 22:954-63. doi: 10.1177/
1933719115570898

27. Lee S, Shin J, Kim JS, Shin J, Lee SK, Park HW. Targeting TBK1 attenuates LPS-
induced NLRP3 inflammasome activation by regulating of mTORC1 pathways in
trophoblasts. Front Immunol (2021) 12:743700. doi: 10.3389/fimmu.2021.743700

28. Triche EW, Uzun A, DeWan AT, Kurihara I, Liu J, Occhiogrosso R, et al.
Bioinformatic approach to the genetics of preeclampsia. Obstet Gynecol (2014)
123:1155-61. doi: 10.1097/A0G.0000000000000293

29. Huang S, Cai S, Li H, Zhang W, Xiao H, Yu D, et al. Prediction of differentially
expressed genes and a diagnostic signature of preeclampsia via integrated
bioinformatics analysis. Dis Markers (2022) 2022:5782637. doi: 10.1155/2022/5782637

30. Reisinger K, Baal N, McKinnon T, Munstedt K, Zygmunt M. The
gonadotropins: tissue-specific angiogenic factors? Mol Cell Endocrinol (2007) 269:65—
80. doi: 10.1016/j.mce.2006.11.015

31. Rabaglino MB, Conrad KP. Evidence for shared molecular pathways of
dysregulated decidualization in preeclampsia and endometrial disorders revealed by
microarray data integration. FASEB ] (2019) 33:11682-95. doi: 10.1096/1j.201900662R

32. Liu M, Wang Y, Lu H, Wang H, Shi X, Shao X, et al. miR-518b enhances human
trophoblast cell proliferation through targeting rap1b and activating ras-MAPK signal.
Front Endocrinol (Lausanne) (2018) 9:100. doi: 10.3389/fendo.2018.00100

33. Martin E, Ray PD, Smeester L, Grace MR, Boggess K, Fry RC. Epigenetics and
preeclampsia: defining functional epimutations in the preeclamptic placenta related to the
TGF-beta pathway. PloS One (2015) 10:¢0141294. doi: 10.1371/journal.pone.0141294

34. Ren Z, Gao Y, Gao Y, Liang G, Chen Q, Jiang S, et al. Distinct placental
molecular processes associated with early-onset and late-onset preeclampsia.
Theranostics (2021) 11:5028-44. doi: 10.7150/thno.56141

35. Zhao L, Ma R, Zhang L, Yuan X, Wu J, He L, et al. Inhibition of HIF-la-
mediated TLR4 activation decreases apoptosis and promotes angiogenesis of placental
microvascular endothelial cells during severe pre-eclampsia pathogenesis. Placenta
(2019) 83:8-16. doi: 10.1016/j.placenta.2019.06.375

36. Lenzen S, Panten U. 2-oxocarboxylic acids and function of pancreatic islets in
obese-hyperglycaemic mice. Insulin secretion in relation to 45Ca uptake and
metabolism. Biochem ] (1980) 186:135-44. doi: 10.1042/bj1860135

37. Wang C, Ha X, Li W, Xu P, Zhang Z, Wang T, et al. Comparative gene
expression profile and DNA methylation status in diabetic patients of Kazak and Han
people. Med (Baltimore) (2018) 97:¢11982. doi: 10.1097/MD.0000000000011982

38. Lim R, Barker G, Riley C, Lappas M. Apelin is decreased with human preterm
and term labor and regulates prolabor mediators in human primary amnion cells.
Reprod Sci (2013) 20:957-67. doi: 10.1177/1933719112472741

39. Yadava SM, Feng A, Parobchak N, Wang B, Rosen T. miR-15b-5p promotes
expression of proinflammatory cytokines in human placenta by inhibiting Apelin
signaling pathway. Placenta (2021) 104:8-15. doi: 10.1016/j.placenta.2020.11.002

40. Wang X, Zhang J, Ji J. IL-1beta—induced pentraxin 3 inhibits the proliferation,
invasion and cell cycle of trophoblasts in preeclampsia and is suppressed by IL-1beta
antagonists. Mol Med Rep (2022) 25:12631-40. doi: 10.3892/mmr.2022.12631

41. Vilotic A, Nacka-Aleksic M, Pirkovic A, Bojic-Trbojevic Z, Dekanski D, Jovanovic
Krivokuca M. IL-6 and IL-8: an overview of their roles in healthy and pathological
pregnancies. Int J Mol Sci (2022) 23:14574-606. doi: 10.3390/ijms232314574

42. Shaw J, Tang Z, Schneider H, Salje K, Hansson SR, Guller S. Inflammatory
processes are specifically enhanced in endothelial cells by placental-derived TNF-alpha:
Implications in preeclampsia (PE). Placenta (2016) 43:1-8. doi: 10.1016/
j.placenta.2016.04.015

43. Chen H, Aneman I, Nikolic V, Karadzov Orlic N, Mikovic Z, Stefanovic M, et al.
Maternal plasma proteome profiling of biomarkers and pathogenic mechanisms of
early-onset and late-onset preeclampsia. Sci Rep (2022) 12:19099. doi: 10.1038/s41598-
022-20658-x

44. Varkonyi T, Nagy B, Fule T, Tarca AL, Karaszi K, Schonleber J, et al. Microarray
profiling reveals that placental transcriptomes of early-onset HELLP syndrome and
preeclampsia are similar. Placenta (2011) 32 Suppl:S21-29. doi: 10.1016/
j.placenta.2010.04.014

45. Singh H, Zhao M, Chen Q, Wang Y, Li Y, Kaitu'u-Lino TJ, et al. Human htrA4
expression is restricted to the placenta, is significantly up-regulated in early-onset
preeclampsia, and high levels of htrA4 cause endothelial dysfunction. J Clin Endocrinol
Metab (2015) 100:E936-945. doi: 10.1210/jc.2014-3969

46. Hung YY, Lin CJ, Huang TL. Higher serum tropomyosin-related kinase B
protein level in major depression. Prog Neuropsychopharmacol Biol Psychiatry (2010)
34:610-2. doi: 10.1016/j.pnpbp.2010.02.021

47. Mbarak B, Kilewo C, Kuganda S, Sunguya BF. Postpartum depression among
women with pre-eclampsia and eclampsia in Tanzania; a call for integrative intervention.
BMC Pregnancy Childbirth (2019) 19:270. doi: 10.1186/s12884-019-2395-3

frontiersin.org


https://doi.org/10.1016/S0140-6736(05)17987-2
https://doi.org/10.1016/j.jacc.2020.08.014
https://doi.org/10.1186/s12920-019-0548-x
https://doi.org/10.1186/s12920-019-0548-x
https://doi.org/10.1161/HYPERTENSIONAHA.120.14756
https://doi.org/10.1016/j.placenta.2016.02.015
https://doi.org/10.1016/j.placenta.2016.02.015
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1002/imt2.36
https://doi.org/10.1093/nar/gku1179
https://doi.org/10.1093/nar/gku1179
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/nar/gky1032
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1093/bioinformatics/btaa658
https://doi.org/10.1093/nar/gks1094
https://doi.org/10.1186/1471-2105-4-2
https://doi.org/10.1186/1752-0509-8-S4-S11
https://doi.org/10.1093/nar/gkab1079
https://doi.org/10.1093/nar/gkt1248
https://doi.org/10.7554/eLife.05005
https://doi.org/10.1093/nar/gkz446
https://doi.org/10.1155/2018/6035868
https://doi.org/10.1155/2011/481095
https://doi.org/10.3389/fpubh.2022.911975
https://doi.org/10.3389/fpubh.2022.911975
https://doi.org/10.1155/2022/2373694
https://doi.org/10.1093/molehr/gau096
https://doi.org/10.1111/jog.13275
https://doi.org/10.1177/1933719115570898
https://doi.org/10.1177/1933719115570898
https://doi.org/10.3389/fimmu.2021.743700
https://doi.org/10.1097/AOG.0000000000000293
https://doi.org/10.1155/2022/5782637
https://doi.org/10.1016/j.mce.2006.11.015
https://doi.org/10.1096/fj.201900662R
https://doi.org/10.3389/fendo.2018.00100
https://doi.org/10.1371/journal.pone.0141294
https://doi.org/10.7150/thno.56141
https://doi.org/10.1016/j.placenta.2019.06.375
https://doi.org/10.1042/bj1860135
https://doi.org/10.1097/MD.0000000000011982
https://doi.org/10.1177/1933719112472741
https://doi.org/10.1016/j.placenta.2020.11.002
https://doi.org/10.3892/mmr.2022.12631
https://doi.org/10.3390/ijms232314574
https://doi.org/10.1016/j.placenta.2016.04.015
https://doi.org/10.1016/j.placenta.2016.04.015
https://doi.org/10.1038/s41598-022-20658-x
https://doi.org/10.1038/s41598-022-20658-x
https://doi.org/10.1016/j.placenta.2010.04.014
https://doi.org/10.1016/j.placenta.2010.04.014
https://doi.org/10.1210/jc.2014-3969
https://doi.org/10.1016/j.pnpbp.2010.02.021
https://doi.org/10.1186/s12884-019-2395-3
https://doi.org/10.3389/fendo.2023.1190012
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Gao et al.

48. Chen L, Wang X, Ding Q, Shan N, Qi H. Development of postpartum
depression in pregnant women with preeclampsia: A retrospective study. BioMed Res
Int (2019) 2019:9601476. doi: 10.1155/2019/9601476

49. Alahari S, Garcia J, Post M, Caniggia I. The von Hippel Lindau tumour
suppressor gene is a novel target of E2F4-mediated transcriptional repression in
preeclampsia. Biochim Biophys Acta Mol Basis Dis (2018) 1864:3298-308. doi:
10.1016/j.bbadis.2018.07.016

50. Heikkila A, Tuomisto T, Hakkinen SK, Keski-Nisula L, Heinonen S, Yla-
Herttuala S. Tumor suppressor and growth regulatory genes are overexpressed in
severe early-onset preeclampsia-an array study on case-specific human preeclamptic
placental tissue. Acta Obstet Gynecol Scand (2005) 84:679-89. doi: 10.1111/7.0001-
6349.2005.00814.x

51. Liu S, Jiang S, Huang L, Yu Y. Expression of SASH1 in preeclampsia and its
effects on human trophoblast. BioMed Res Int (2020) 2020:5058260. doi: 10.1155/2020/
5058260

Frontiers in Endocrinology

13

10.3389/fendo.2023.1190012

52. Than NG, Romero R, Tarca AL, Kekesi KA, Xu Y, Xu Z, et al. Integrated systems
biology approach identifies novel maternal and placental pathways of preeclampsia.
Front Immunol (2018) 9:1661. doi: 10.3389/fimmu.2018.01661

53. Chakraborty D, Cui W, Rosario GX, Scott RL, Dhakal P, Renaud SJ, et al. HIF-
KDM3A-MMP12 regulatory circuit ensures trophoblast plasticity and placental adaptations
to hypoxia. Proc Natl Acad Sci USA (2016) 113:E7212-21. doi: 10.1073/pnas.1612626113

54. Maynard SE, Min JY, Merchan J, Lim KH, Li J, Mondal S, et al. Excess placental soluble
fms-like tyrosine kinase 1 (sFlt1) may contribute to endothelial dysfunction, hypertension, and
proteinuria in preeclampsia. J Clin Invest (2003) 111:649-58. doi: 10.1172/JCI17189

55. HuY, Li P, Hao S, Liu L, Zhao ], Hou Y. Differential expression of microRNAs in
the placentae of Chinese patients with severe pre-eclampsia. Clin Chem Lab Med (2009)
47:923-9. doi: 10.1515/CCLM.2009.228

56. Sandrim VC, Dias MC, Bovolato AL, Tanus-Santos JE, Deffune E, Cavalli RC.
Plasma from pre-eclamptic patients induces the expression of the anti-angiogenic miR-
195-5p in endothelial cells. J Cell Mol Med (2016) 20:1198-200. doi: 10.1111/jcmm.12767

frontiersin.org


https://doi.org/10.1155/2019/9601476
https://doi.org/10.1016/j.bbadis.2018.07.016
https://doi.org/10.1111/j.0001-6349.2005.00814.x
https://doi.org/10.1111/j.0001-6349.2005.00814.x
https://doi.org/10.1155/2020/5058260
https://doi.org/10.1155/2020/5058260
https://doi.org/10.3389/fimmu.2018.01661
https://doi.org/10.1073/pnas.1612626113
https://doi.org/10.1172/JCI17189
https://doi.org/10.1515/CCLM.2009.228
https://doi.org/10.1111/jcmm.12767
https://doi.org/10.3389/fendo.2023.1190012
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

	Identification of key genes in the pathogenesis of preeclampsia via bioinformatic analysis and experimental verification
	Introduction
	Materials and methods
	Expression profile dataset selection
	Data processing and differentially expressed genes identification
	Function and pathway analysis of DEGs
	Gene set enrichment analyse of datasets
	PPI network analysis
	Identifying the key module and hub genes
	Verification of hub gene expression by validation datasets
	Validation of clinical specimens
	Construction of miRNAs-hub genes network and TFs-hub genes network
	Statistical analysis

	Results
	Identification of DEGs in PE
	GO, KEGG, and DO enrichment results of DEGs
	Protein-protein interaction network analysis
	Dataset and clinical validation of 7 hub genes expression
	miRNAs-hub genes and TFs-hub genes network

	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Supplementary material
	References


