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Abstract

Background Epidemiological evidence indicates that preeclampsia (PE) is associated with comorbidities such
as periodontitis (PD). However, the underlying mechanism remains unclear. To enhance our understanding of their
co-pathogenesis, this research investigated the shared biomarkers and pathological mechanisms.

Methods We systematically retrieved transcriptomic datasets from the Gene Expression Omnibus database.

These datasets encompass a comparative analysis of the periodontium with and without PD and of the placenta

with and without PE. Differentially Expressed Genes Analysis and Weighted Gene Go-expression Network Analysis
(WGCNA) were used to identify the key crosstalk genes in patients with PD and PE. The functional characterisation

of these genes was performed using enrichment analysis. Protein—protein interaction networks and machine learning
methods were leveraged to identify shared hub genes. The XG-Boost algorithm was applied to construct diagnostic
models to gain insight into disease aetiology. The identified genes were validated by single-cell RNA sequencing

to ensure their robustness and biological relevance.

Results A total of 55 key crosstalk genes were identified, which were primarily enriched in immune-related path-
ways by using limma and WGCNA. Among them, twenty-four shared hub genes were identified using protein—pro-
tein interaction analysis and machine learning methods. The diagnostic model constructed using immune-related
genes outperformed the other two models (area under the receiver operating characteristic curve [ROC]=0.7786
and 0.7454 for PE and PD, respectively). Pathways involving these genes were mapped using the Kyoto Encyclopedia
of Genes and Genomes analysis. In addition, single-cell RNA sequencing analysis showed that the expression of BIN2,
LYN, PIK3AP1, and NEDD9 in neutrophils was significantly downregulated, and LYN in fibroblasts and endothelial cells
was consistently upregulated.
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Conclusions Shared hub genes and immunologic pathways were identified in PE and PD, characterised by cross-
talk between BIN2, LYN, NEDD9, and PIK3AP1, suggesting the pathogenesis of PE and PD, which could pave the way
for the development of effective diagnostic, treatment, and management strategies.
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Background

Preeclampsia (PE) is a pathologic condition, attributing to
the second most common cause of maternal deaths world-
wide [1, 2]. It is associated with chronic diseases such as
periodontitis (PD) [3]. Although an abnormal immune inter-
action at the maternal—fetal interface may explain the insuf-
ficient remodeling of spiral arteries in PE, the imbalanced
relationship between PE and other inflammatory comor-
bidities remains largely uncertain. Thus, it is imperative
to understand the association between PE and associated
comorbidity of PD, with the aim of determining whether the
complication might exacerbate or trigger PE onset.

PD is a common inflammatory disease of the oral cavity
caused by periodontal bacterial infections that result in soft
and hard tissue loss [4]. It has been estimated that 62% of
adults experience PD [5], and pregnant women are more
susceptible to gingival problems [6, 7], which may result in
adverse pregnancy outcomes, including PE [8]. Increasing
epidemiological evidence suggests a possible relationship
between PD and PE. Periodontal disease is reportedly asso-
ciated with PE after adjusting for gestational age and smok-
ing [9]. Women with preeclampsia are at a higher risk of
PD compared with their normotensive counterparts [10].
Increased cytokines and endotoxin levels, as well as oxida-
tive stress in PD are related to endothelial cell motivation
and trophoblastic syncytialization [11-14]. However, the
cellular components involved in this pathological condition
remain unclear.

The rapidly growing transcriptomic dataset offers an
ideal opportunity to dissect the complexity of diseases and
to discover new biomarkers for developing novel diagnostic
strategies. Herein, we analysed the publicly available bulk-
sequencing and single-cell RNA-sequencing (scRNA-seq)
datasets to investigate the co-pathogenesis of PE and PD,
and employed multiple bioinformatics analyses to reveal
possible hub genes and mechanisms. Additionally, we
explored the expression and location of hub genes using
scRNA-seq analysis. We aimed to establish shared bio-
markers of PD and PE, offering hints for exploring their
genetic aetiology for PE and PD.

Methods

Identification of bulk tissue and single-cell transcriptomic
datasets

Dataset analysis was systematically performed using the
Gene Expression Omnibus (GEO) (https://www.ncbi.

nlm.nih.gov/geo/). Terms such as ‘preeclampsia, ‘pla-
centa, and ‘homo sapiens’ were used to search for PE
datasets, and ‘periodontitis, ‘gingiva, and ‘homo sapi-
ens’ were used to search for PD datasets. Terms such as
‘obstructive sleep apnoea; ‘systemic lupus erythematosus,
‘obese; and ‘metabolic syndrome’ were used to search for
datasets in homo sapiens respectively.

The inclusion criteria for the bulk tissue datasets in
PE were as follows: (1) at least 20 samples, (2) at least 10
controls and 10 cases, and (3) availability of raw data or
gene expression data. The inclusion criteria for the bulk
tissue datasets in PD were as follows: (1) at least 4 sam-
ples, (2) at least 2 controls and 2 cases, and (3) availability
of raw data or gene expression data.

The inclusion criteria for the single-cell datasets were
as follows: (1) at least 4 samples, (2) at least 2 controls
and 2 cases, (3) female patients, and (4) availability of raw
data or gene expression data.

Based on these criteria, three PE (GSE75010, GSE35574,
and GSE25906) and three PD (GSE16134, GSE106090 and
GSE173078) datasets were included in this analysis. sin-
gle-cell sequencing datasets of PD, including GSE164241
and GSE171213, in addition to single-cell dataset of PE
(GSE173193), met our inclusion criteria, and were down-
loaded from the GEO. To reduce gender bias during bioin-
formatics analysis, we used female samples as the datasets
provide this information. The details of each GEO dataset
are shown in Table S1-S5. The analytical workflow is illus-
trated in Fig. 1.

Differentially expressed genes (DEGs) analysis

The ‘limma’ package [15] was used to compare the DEGs
between the normal and diseased groups with PE, PD,
obstructive sleep apnoea (OSA), systemic lupus erythe-
matosus (SLE), obesity, and metabolic syndrome (MetS),
and the screening criteria were P value <0.05 and |log,FC
|>0.25. Subsequently, the comparison of the intersecting
DEGs with PE was visualised with the ‘UpSetR’ package
[16] to identify the disease that was most relevant to PE.
Meanwhile, the expression patterns of DEGs were visual-
ized in the form of volcano plots with the ‘ggplot2’ pack-
age [17]. Furthermore, we visualised the overlapping
DEGs that defined as the intersection of PE DEGs and PD
DEGs through the “Venn’ R package (https://github.com/
dusadrian/venn).
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Fig. 1 Study flowchart. DEG Differentially expressed gene, OSA Obstructive sleep apnoea, SLE Systemic lupus erythematosus, PD Periodontitis, PE

Preeclampsia, MetS Metabolic syndrome

Meta-analysis of the epidemiological relationship

between PD and PE

Studies evaluating the epidemiological relationship
between PD and PE were systematically searched from
their inception until 23 July 2023. Our search criteria
included: 1. analysis of the association between peri-
odontal disease and PE among pregnant women without
systemic diseases; 2. observational study; and 3, raw data
availability. The meta-analysis was performed using the R
package ‘meta’ A combined estimate of odds ratios (ORs)
was obtained using either fixed- or random-effect mod-
els. Model heterogeneity was quantified using the I* sta-
tistic, which describes the between-study variation as a
percentage of the total variation. Funnel plots were used
to assess publication bias.

Weighted gene co — expression network analysis (WGCNA)
and key module genes identification

To identify gene modules that are important for the
phenotype, the R package “WGCNA' [18] was used
to construct a weighted gene co-expression network,
using the top 5,000 genes with variance in GSE75010
and GSE16134 as inputs, respectively. The ‘cutreeS-
tatic’ function was used to delete outliers if needed. The
soft-thresholding power was visualized using the ‘pick-
SoftThreshold’ function, and the smallest power with
a scale-free topology fit index above 0.90 was selected
for calculating adjacencies. The adjacencies were then
transformed into a topological overlap matrix, and

dissimilarity was calculated. A hierarchical clustering
method was used to produce a clustering tree structure.
Genes with similar expression patterns were categorised
into different modules with ‘minModuleSize’=30 and
‘mergeCutHeight’=0.25. The branches of the clustering
tree represent different gene modules, and the colours
represent the various modules. Notably, the grey module
represents genes that cannot be merged. Finally, Pearson’s
correlation analysis was performed to calculate the corre-
lation between each module and the disease in patients
with PE and PD. The modules with the top two most
significant positive and negative correlations of module-
trait relationships in different diseases were employed for
further exploration.

Functional enrichment analysis and protein-protein
interaction (PPI) network construction

The intersection of DEGs and the top two most signifi-
cant module genes of PE and PD were separately iden-
tified. These jointly dysregulated genes may be the keys
to the links between these two diseases and were called
‘crosstalk genes. To further understand the function of
these crosstalk genes, we performed Gene Ontology
(GO) biological process enrichment analysis [19], and
Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway enrichment analysis [20] with ‘clusterProfiler’
R package [21]. Terms with P value <0.05 were consid-
ered to be significantly enriched. Based on this analysis,
the top 20 enrichment terms from different databases,
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ranked by their P-values in descending order, were
selected for visualisation. Additionally, we constructed
a PPI network of the crosstalk genes using the STRING
database [22]. We then imported the network into the
Cytoscape software [23] to screen for the highest-con-
nectivity cluster for further analysis, using the Molecular
Complex Detection (MCODE) plugin [24] and its default
parameter.

Hub genes screening and validation based on the machine
learning algorithm

For better analysis, the gene expression of GSE75010 and
GSE16134 were merged and corrected for batch effects
using the the ComBat function in ‘sva’ packages [25].
To identify the hub genes among crosstalk genes, we
employed several machine learning methods. First, the
Boruta algorithm, as a wrapper around the Random For-
est classification algorithm, was used to select the candi-
date biomarkers with the “randomForest” package [26].
Feature selection was repeated using the conventional
Recursive Feature Elimination (RFE) algorithm [27].
Additionally, the Least Absolute Shrinkage and Selection
Operator (LASSO) algorithm [28], a logistic regression
method for filtering variables to enhance the predictive
performance, was adopted to screen the candidate bio-
markers using the “glmnet” package. Finally, the over-
lapping genes from these three models were defined as
hub genes to develop a diagnostic model. The prediction
effectiveness of each hub gene in both training sets was
evaluated using receiver operating characteristic (ROC)
curves with the pROC package [29].

Construction of the diagnostic model based on the hub
genes

Under the Gradient Boosting framework, the Extreme
Gradient Boosting (XG-Boost) classifier is an optimised
distributed gradient boosting library known for its high
efficiency. The R package ‘xgboost’ [30] was used to con-
struct a model with hub genes, where the expression val-
ues of these hub genes served as feature inputs for model
training. Furthermore, we employed both internal and
external validation techniques and ten-fold cross-valida-
tion techniques to evaluate model performance. Using
internal and external validation techniques, the PE data-
set GSE75010 and PD dataset GSE16134 were divided
into training (70%) and test (30%) sets. Subsequently, we
used other PE datasets, GSE35574 and GSE25906, and
PD datasets, GSE106090 and GSE173078, for external
validation. Ten-fold cross-validation techniques were
employed in the PE datasets GSE75010 and GSE16134,
along with other PE datasets GSE35574 and GSE25906,
and PD datasets GSE106090 and GSE173078 for external
validation. The diagnostic efficiency was evaluated using
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the area under the ROC curve and its 95% confidence
interval (CI). Meanwhile, the expression patterns of share
hub genes were visualised in the form of heatmaps with
the ‘ComplexHeatmap’ package [31].

Single-cell transcriptomic data processing and clustering
scRNA-seq datasets, GSE164241 and GSE171213 for PD,
and GSE173173 for PE, met our inclusion criteria. We
downloaded raw data and selected female samples for
downstream analyses. Seurat R package [32] was used
for data processing. Cells with fewer than 200 detected
genes, and more than 5,000 detected genes, or for which
the total mitochondrial gene expression exceeded 25%
were removed. Genes that were expressed in fewer than
three cells were also excluded. In addition, we miti-
gated the effects of cell cycle heterogeneity by calculat-
ing cell cycle phase scores based on canonical markers
and regressing these out of the data during pre-process-
ing, if needed. The two datasets were integrated using
the ‘harmony’ [33] package. Then, Uniform Manifold
Approximation and Projection (UMAP) was constructed
using the top 19 principal components of the principal
component analyses (PCAs). Unsupervised cell cluster-
ing was performed using a graph-based cluster method,
and marker genes and DEGs were identified using the
FindAllMarkers function with the Wilcox rank-sum test
algorithm using the following criteria: 1. logFC>0.25; 2.
P_value_adj<0.05; 3. min.pct>0.1. Clusters were anno-
tated using canonical cell type markers.

Results

Association between PD and PE

In the comparison of the intersecting DEGs between
PE and five other common relevant diseases, includ-
ing OSA, MetS, SLE, obesity, and PD, 183 DEGs (5.02%)
overlapped between PE and PD (Fig. 2A), ranking the
first. A meta-analysis was conducted to further verify
this relationship between them. A total of 28 studies were
included (Fig. 2B), showing that PD was significantly
associated with an increased risk for PE (odds ratio [OR]
3.33, 95% CI 2.38—-4.65). The concurrences of PD and PE
were established.

Crosstalk genes between PE and PD

A search for crosstalk genes based on expression lev-
els and phenotypes can be used to identify key cross-
talk genes. There were 183 DEGs that overlapped
between the PE and PD groups in terms of expres-
sion (P<0.05, |log,FC|>0.25) (Fig. 3A, B, and C). We
then employed WGCNA to identify the key pheno-
typic genes. After constructing a weighted gene co-
expression network, we eliminated the outlier samples
(Fig. S1A and S1B). As shown in the Fig. S1C and S1D,
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Fig.2 A Upset plot of DEGs in different diseases (P value < 0.05 and |log,FC|> 0.25). B A meta-analysis of pre-pregnancy PD and PE. DEG
Differentially expressed gene, OSA Obstructive sleep apnoea, SLE Systemic lupus erythematosus, PD Periodontitis, PE Preeclampsia, MetS Metabolic

syndrome

the optimal soft-thresholding power for GSE75010
was 9, whereas that for GSE16134 was 12 (scale-free
R?=0.9). Figure S1E and S1F shows clustering dendro-
gram, respectively. Thirteen modules were identified
in GSE75010, and 13 in GSE16134. The correlations
between the modules and clinical traits were then cal-
culated (Fig. 3D and E). Among these modules, the
black module had the strongest positive correlation
(142 genes, r=0.56, p=6X% 1071%), followed by the red
module (259 genes, r=0.44, p=7X 107°); the turquoise
module had the most negative relation (606 genes,
r=-0.63, p=1x107"'%), followed by purple module
(94 genes, r=-0.35, p=9 X 107) for PE. As for PD, the
pink module displayed the most positive relation (83
genes, r=0.64, p=6X 1073%) and the turquoise module
had the second positive correlation (949 genes, r=0.47,
p=2x10"'%); the brown module had the strongest neg-
ative correlation (608 genes, r= —0.64, p=7X 10739),
followed by black module (103 genes, r=-0.53,
p=2x10"%). Using venn diagrams, we identified 163
overlapping genes between the two datasets in these
diseases-relevant modules (Fig. 3F). After DEGs and
WGCNA analyses, 55 crosstalk genes were identified.

Enrichment analysis and PPl network construction

of crosstalk genes

To further explore the biological functions of dysregu-
lated genes, enrichment analysis was performed. The
GO_BP analysis revealed that the significantly enriched
terms were the regulation of luekocyte migration, leu-
kocyte migration, ovulation cycle process, regulation
of leukocyte chemotaxis, phagocytosis, and leukocyte
adhesion to vascular endothelial cells (Fig. 4A). Mean-
while, according to the results of KEGG enrichment

analysis database, those genes were significantly
involved in lipid and atherosclerosis, ABC transporters,
Hippo signaling pathway, Wnt signaling pathway, Prol-
atin signaling pathway, PI3K-AKT signaling pathway, B
cell receptor signaling pathway, NF-kappa B signaling
pathway, et al. (Fig. 4B). In short, these genes were pri-
marily involved in immunological processes.

Twenty biologically significant hub genes were identi-
fied by PPI analysis (Fig. 4C). Interestingly, 20% of these
genes were immune related (Fig. 4D). We applied this
method to key crosstalk genes (Fig. 4E). To enhance
the robustness of the results, we randomly selected
genes from 20% of the DEGs in the PE group (Fig. 4F).
According to the percentage, immunology was the
most significant aspect in this comorbidity compared
with the aetiology of PE onset.

Identification and validation of potential hub genes

by machine learning methods

To further identify key crosstalk genes, we employed
mathematical methods, including Boruta, RFE,
and LASSO regression, to select features between
GSE75010 and GSE16134 for future diagnostic model
construction. Initially, batch effects were removed
(Fig. S2). However, there are 3 genes that were not
detected in the validation dataset GSE173078. Subse-
quently, these three machine learning methods were
employed based on 52 genes. Boruta was used to iden-
tify 22 genes, the RFE method selected 15 features,
and the LASSO regression algorithm recommended
27 potential candidate biomarker. By overlapping the
genes screened using these three methods, we eventu-
ally obtained 6 shared hub genes (Fig. 5A), which were
considered the most critical features that significantly
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influenced the predictive value. To verify the predic-
tion of hub genes using ROC curve, GSE75010 and
GSE16134 were analysed separately, and the results
were shown in the Fig. 5B.

Using the above selection procedure, we deleted three
genes to identify potential hub genes. From the perspec-
tive of the biological functions of these genes, it was
necessary to verify whether there was a significant dif-
ference in the enrichment analysis between the 52 genes
and the original 55 genes. We performed GO_BP and
KEGG enrichment analyses on these 52 genes and found
that the results were almost the same as those for 55
genes (Fig. S3A and S3B). Nineteen biologically signifi-
cant genes were identified using PPI analysis. Only NEC-
TIN4 was excluded because it was not detected in the
GSE173078 dataset (Fig. S3C). Subsequent comparison
of the proportions revealed the same trend. These results
indicated that these 52 genes were functionally similar to
55 genes. Therefore, 24 shared hub genes were identified

by intersecting these 19 genes using PPI analysis and 6
genes through machine learning methods.

Construction of prognostic model based on XG-Boost

A comprehensive diagnostic model to gain insights into
disease aetiology was constructed based on these hub
genes using another machine learning method: the XG-
Boost algorithm, which was proven to have excellent per-
formance in machine learning classifiers. Here, 24 shared
hub genes were acquired, 9 of which were immunologi-
cal. Figure 6A describes the workflow of model construc-
tion and evaluation. The training and testing sets were
used to confirm the effectiveness and reliability of the
prognostic model using the ROC curve. Using different
types of genes, the performance in the PE external vali-
dation set showed that the AUCs were 0.7786, 0.6543,
and 0.6439, whereas the performance in the PD external
validation set showed that the AUCs were 0.7454, 0.5694,
and 0.588, respectively in the immune, non-immune,
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and all genes (Fig. 6B). The results of the ten-fold cross-
validation model were similar (Fig. S4). Consistent with
previous results, these nine immune genes built a bet-
ter diagnostic model to distinguish patients with PE and
PD from healthy controls. To further verify the ability
of these genes to distinguish between healthy individu-
als and those with diseases, heat maps were generated
(Fig. 6C).

Single-cell analysis for the location of hub genes

To further understand the shared hub gene expres-
sion levels under different conditions, we performed
single-cell transcriptome profiling of the placenta and
periodontium, following a systematic search of public
datasets. After quality control, we combined the single
cell datasets from PE and PD. We clustered the 108,362
cells into 10 clusters (Fig. 7A) through using the marker
genes COLIAI, COLIA2, COL3Al1, PECAMI, VWF,
S100A8, SOD2, CSF3R, CD3D, TRAC, C1QA, RNASEI,
CD163, CD79A, SDC1, HPGDS, KIT, GZMB, IRF7 for
annotation (Fig. 7B). There were 37,356 cells and 71,006

cells in the PE and PD single cell datasets, respectively.
In the comparison of expression of 9 hub immunological
genes between normal and diseased samples in heatmap
(Fig. 7C), the pathways related to these genes are demon-
strated in Fig. 7D.

Discussion
Although previous studies have illustrated the epide-
miological connections between PD and PE, the shared
mechanisms underlying these conditions remain unclear.
In this study, we demonstrated through comprehensive
analysis that immune dysregulation is a common molec-
ular feature involved in the pathogenesis of PE and PD. In
addition, several immunological pathways mediate this
comorbidity, including PI3K-AKT, B cell receptor, and
NF-kappa B signaling pathways. Thus, our findings pro-
vide new perspectives on the pathogeneses of PE and PD.
Several studies have reported a possible association
between PD and PE [3]. Here, we used bioinformatics
analysis to reveal that immune dysfunction is an essen-
tial molecular feature of PE and PD. Immune dysfunction
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plays a pivotal role in the occurrence and progression of
both PE and PD, with potential modulatory mechanisms
related to inflammatory reactions, aberrant phenotypes
and functions of immune cells, and cytokine and immune
imbalances [11, 34, 35]. We performed bioinformatics
analysis to systematically confirm, for the first time, that
immune dysregulation serves as a shared pathophysi-
ological mechanism in both PE and PD. Therefore, the
underlying regulatory role of immune dysregulation in
these two conditions merits further investigation, high-
lighting the necessity of exploring the role of immunology
in these comorbidities, which could facilitate the devel-
opment of more effective clinical prevention and treat-
ment strategies. Additionally, studies have found that the
BCR pathway can modulate PE [36] and PD [37] through
processes such as B cell activation, antibody production,
immune tolerance, and inflammatory factor secretion.
Besides, NF-kappa B pathway could mediate common
mechanisms of PE and PD in pathophysiological pro-
cesses such as inflammatory responses [38-40]. We
therefore speculate that PI3K-AKT, B cell receptor, and

NE-kappa B signaling pathways might regulate inflam-
matory reactions and innate and adaptive immunity, con-
tributing to the common pathogenesis mechanisms in PE
and PD. Further research is necessary to clarify the spe-
cific mechanisms through which these pathways regulate
the pathophysiological processes of PE and PD, thereby
paving the way for the development of effective diagnos-
tic, treatment, and management strategies.

Finally, we performed machine learning analyses and
single-cell sequencing to determine whether LYN, BIN2,
NEDD9Y, and PIK3API are hub regulatory genes asso-
ciated with similar mechanisms in PE and PD. Previ-
ous studies have revealed that LYN is expressed in both
immune and stromal cells [41], which is consistent with
our findings. Additionally, we found that LYN levels were
downregulated in neutrophils within the pathological
tissues of PE and PD, whereas they were upregulated in
fibroblasts and endothelial cells. Previous studies sug-
gested that LYN plays an essential role in regulating the
BCR signaling pathway, inflammatory responses, T cell
immune function, and cell fate. Hence, we speculate that
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LYN may be pivotal in the common pathogenesis of PE
and PD by modulating various mechanisms, including
B cell and T cell immune functions and inflammatory
responses. Similarly, we found that the levels of BIN2,
NEDDY, and PIK3API were reduced in neutrophils,
indicating their potential involvement in the shared
pathophysiological mechanisms of PE and PD by affect-
ing signal transduction [42], immune cell functions, and
phenotypic mechanisms [43—45]. It is essential to eluci-
date the underlying mechanisms of these key regulatory
genes, aiding the understanding of immunological mech-
anisms in PE and PD while providing novel insights for
clinical management and intervention.

(See figure on next page.)

Strengths and limitation

We demonstrated possible mechanisms underlying the
co-pathogenesis of PE and PD. Although we applied sev-
eral novel tools, such as machine learning, to make this
study more comprehensive, some potential confound-
ers given the limited clinical information in public data-
sets could not be excluded [46, 47]. Sex, ethnicity, and
other information such as in vitro fertilisation were not
mentioned. Thus, we only analysed female samples in
the PD datasets if they contained gender information.
In addition, the datasets included multiple ethnicities
(Table S1—S5). Therefore, we confirmed whether eth-
nic differences or pathological conditions accounted for

Fig.7 A UMAP visualization of the annotated cells in the combined PE and PD sc RNA-seq dataset; different colours indicate distinct annotated
cell types. B Dotplot of cell population annotation based on different signatures. C Heat map of 9 hub immunological genes expressions
between groups with different diseases. Red: upregulated; gray: downregulated. D Diagrams summarizing these immunological genes involved
in PI3K-AKT signal pathways, B cell receptor signal pathway, and NF-kB signal pathways. Alterations are defined by significant upregulation

or downregulation of mRNA expression in the PE or PD cohort. Alteration scores of each gene are depicted as log ratios (fold-change, expressed
as log?2 [ratio of average mRNA expression in diseased subtype versus the paired normal group)). Red: upregulated genes; blue: downregulated

genes. PD, periodontitis; PE, preeclampsia
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most variability in the data using PCA (Fig. S5), which is
a common technique used for projecting variables and
objects on the principal component axes [48]. Moreover,
similar to a study that confirmed genetic and epigenetic
changes in the periodontium of patients with PD with
and without gestational diabetes [49], clinical studies are
required to discover their relationship and mechanisms
and human tissues for experimental validation..

Conclusions

In summary, this study has investigated shared hub genes
and immunological pathways for the coexistence of PE
and PD. In addition, the key crosstalk genes BIN2, LYN,
NEDD9 and PIK3API for PE and PD were indicated in
the crosstalk through immune pathways. A new perspec-
tive on the pathogenesis of PE and PD comorbidities is
suggesting, facilitating the development of more effective
clinical prevention and treatment strategies.
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