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Preeclampsia (PE) is a major pregnancy-specific cardiovascular complication posing latent life-
threatening risks to mothers and neonates. The contribution of immune dysregulation to PE is not fully 
understood, highlighting the need to explore molecular markers and their relationship with immune 
infiltration to potentially inform therapeutic strategies. We used bioinformatics tools to analyze gene 
expression data from the Gene Expression Omnibus (GEO) database using the GEOquery package in 
R. Differential expression analysis was performed using the DESeq2 and limma packages, followed by 
analysis of variance to identify immune-related differentially expressed genes (DEGs). Several machine 
learning algorithms, including least absolute shrinkage and selection operator (LASSO), bagged trees, 
and random forest (RF), were used to select immune-related signaling genes closely associated with 
the occurrence of PE. Our analysis identified 34 immune source–related DEGs. Using the identified 
PE- and immune source–related genes, we constructed a diagnostic forecasting model employing 
several ML algorithms. We identified six types of statistically significant immune cells in patients 
with PE and discovered a strong relationship between biomarkers and immune cells. Moreover, the 
immune-derived hub genes for PE exhibited strong binding capabilities with drugs, such as alitretinoin, 
tretinoin, and acitretin. This study presents a robust prediction model for PE that integrates multiple 
machine learning–derived immune-related biomarkers. Our results indicate that these biomarkers may 
outperform previously reported molecular signatures in predicting PE and provide insights into the 
mechanisms underlying immune dysregulation in PE. Further validation in larger cohorts could lead to 
their clinical application in PE prediction and treatment.
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LogitBoost	� Enhanced logistic regression, k-NN, k-nearest neighbors
RBPs	� RNA-binding proteins

Preeclampsia (PE) is a severe pregnancy-specific cardiovascular disorder. The American College of Obstetricians 
and Gynecologists defines PE as a condition in which pregnant women with previously healthy blood pressure 
develop high blood pressure, proteinuria, or multiple organ damage after 20 weeks of pregnancy1. Systemic 
perfusion and multiorgan damage—including renal and liver dysfunction, hematological and neurological 
complications, pulmonary edema, and convulsions—pose life-threatening risks to mothers and neonates2. PE 
can lead to maternal death, severe complications, or the need for intensive care as well as an increased likelihood 
of cesarean delivery. The effects of PE on the fetus include conditions such as intrauterine growth restriction, 
oligohydramnios, bronchopulmonary dysplasia, and premature birth. Globally, PE is responsible for the deaths 
of approximately 70,000 pregnant women and 500,000 fetuses each year3.

Despite its significant health burden, the etiology and pathogenesis of PE remain poorly understood. PE 
is a heterogeneous disorder likely involving multiple factors, mechanisms, and signaling pathways. The most 
widely accepted cause of PE is shallow placental trophoblast implantation, which impedes the remodeling of the 
uterine spiral artery, leading to placental ischemia and hypoxia and subsequently resulting in PE. Other causes 
and pathogenetic mechanisms include an overactive inflammatory immune response, vascular endometrial cell 
damage, genetic factors, and nutritional status3. No effective medication has been developed to delay or treat PE, 
and the current treatment methods have various limitations. The only effective treatment for PE is terminating 
the pregnancy (i.e., placental delivery)4. Therefore, new approaches for treating PE will have a crucial effect on 
the lives of pregnant women with PE and their fetuses.

In contemporary biomedical research, PE has garnered significant attention for its pathological mechanisms. 
However, although existing studies have elucidated its fundamental characteristics and impacts during pregnancy, 
detailed insights into its pathogenesis and contributing factors are lacking. Multiple studies have focused on 
immune cell infiltration and PE using bioinformatics5–8. Single-cell transcriptomics (scRNA-seq) and machine 
learning (ML) methods have also been used to assess the risk of PE9. However, compared with previous studies, 
the strength of our study lies in screening immune-related potential molecular markers and constructing a PE 
prediction model, both based on multiple ML algorithms. We downloaded the immune-related differentially 
expressed genes (IRDEGs) and gene expression profiles from the Gene Expression Omnibus (GEO) datasets to 
explore the changes and biological mechanisms of IRDEGs at the maternal–fetal interface in patients with PE. 
Subsequently, we investigated the potential relationship between immune cells and PE. We used ML algorithms 
to construct PE prediction, training, and validation models based on PE-associated immune-derived genes. 
Finally, we explored PE-related small-molecule compounds and ligand receptors to identify potential treatment 
targets for PE. This study aimed to address this gap by conducting an in-depth analysis of IRDEGs and elucidating 
the specific mechanisms by which immune responses contribute to PE development. The findings enhance our 
understanding of the pathophysiological processes underlying PE and offer potential novel insights and therapeutic 
targets for hypertensive disorders of pregnancy.

Results
Flowchart for the Comprehensive analysis of preeclampsia -related immune source 
associated genes (Fig. 1)
IRDEG and potential immune source–related molecular marker screening
According to the grouping of the GSE60438 dataset, we divided the samples into the PE and control groups. 
To analyze the differences in gene expression values between the two groups, we used the R package limma for 
differential analysis to identify differentially expressed genes (DEGs). The results revealed that in the GSE60438 
dataset, 358 DEGs met the threshold of |logFC| > 0.25 and adjusted P < 0.05. Of these, 191 were upregulated 
genes (logFC > 0.25 and adj. p < 0.05) and 167 were downregulated genes (logFC < − 0.25 and adj. p < 0.05), as 
indicated by the dataset variance analysis and represented in a volcano plot (Fig. 2A). To obtain IRDEGs, we 
took the intersection of DEGs and immune-related genes (IRGs) and created a Venn diagram (Fig. 2B). We 
identified a total of 34 IRDEGs (Table S1).

To evaluate the diagnostic value of the 34 identified IRDEGs in PE, we performed a logistic regression analysis. 
The results demonstrated that all 34 IRDEGs were statistically significant (p < 0.05). We further screened the 
logistic regression analysis results of the IRDEGs and explored their characteristics and relationship with PE. In 
this study, we used bagged trees, Bayesian analysis, learning vector quantization (LVQ), the wrapper (Boruta) 
method, and six ML algorithms (including least absolute shrinkage and selection operator [LASSO] and random 
forest [RF]) to analyze the relationship between the IRDEGs from our logistic regression analysis and PE event 
occurrence in the training set GSE60438. We screened PE-related immune source–associated genes (PE.ISGs).

Using the LASSO algorithm (Fig.  2C), we identified 10 PE.ISGs closely related to PE event occurrence: 
ADIPOR2, CYLD, DDX17, LCN6, NEDD4, PF4V1, PSMC4, RXRG, UBR1, and VEGFA. Using the bagged 
trees algorithm (Fig. 2D), we identified 16 PE.ISGs closely connected to PE event occurrence: RXRG, NEDD4, 
NR1D1, CD72, ADIPOR2, NR2C1, S100A11, TMSB4X, LCN6, FGF11, DDX17, IGF2R, UBR1, PF4V1, HSPA4, 
and VEGFA. Using the RF algorithm (Fig. 2E), we selected 7 PE sources closely associated with PE-related events: 
RXRG, NEDD4, NR1D1, TMSB4X, NR2C1, CD72, and FGF11. Applying the Bayesian algorithm (Fig.  2F), 
we identified two PE.ISGs (RXRG and NR1D1) that are closely related to PE event occurrence. Employing 
the wrapper (Boruta) algorithm (Fig. 2G), we screened 16 PE.ISGs closely connected to PE event occurrence: 
RXRG, NR1D1, TMSB4X, NR2C1, DDX17, ADIPOR2, NEDD4, CD72, VEGFA, LCN6, PSMD14, PSMC4, 
HSPA4, FGF11, FABP5, and IGF2R. Finally, using the LVQ algorithm (Fig. 2H), we identified all 34 PE.ISGs 
closely related to PE event occurrence.
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Construction of PE prediction model
First, because different ML algorithms focus on different aspects, we synthesized the results obtained from 
multiple algorithms to establish a more stable prediction model. We retained the genes in at least four ML 
algorithm results as PE.ISGs, resulting in a total of 11 genes (Fig. 3A): ADIPOR2, CD72, DDX17, FGF11, LCN6, 
NEDD4, NR1D1, NR2C1, RXRG, TMSB4X, and VEGFA.

Next, through the analysis of the RCircos R package, we mapped the chromosomal positioning of the 
11 PE.ISGs (Fig.  3B). The chromosomal location maps indicated that most PE.ISGs were associated with 

Fig. 1.  Flowchart for the Comprehensive Analysis of Preeclampsia -related Immune Source–Associated 
Genes (PE.ISGs).DEGs, differentially expressed genes; IRGs, immune-related genes; IRDEGs, immune-related 
differentially expressed genes; RF, random forest; LASSO, least absolute shrinkage and selection operator; LVQ, 
learning vector quantization; PE.ISG, Preeclampsia-related immune source–associated gene; NB, naive Bayes; 
SVM, support vector machine; LogitBoost, boosted logistic regressions; AdaBoost, AdaBoost classification 
trees; KNN, K-nearest neighbors; PPI, protein–protein interaction.
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chromosomes 9, 12, and 17: LCN6 and CD72 on chromosome 9, NR2C1 and ADIPOR2 on chromosome 12, 
and NR1D1 and FGF11 on chromosome 17.

To investigate the relationship between PE.ISGs and PE event occurrence, we downloaded the PE-related 
datasets GSE60438 and GSE75010 from the GEO database. First, we used seven ML algorithms to construct 
models predicting PE events based on the training set GSE60438. The best prediction model was selected by 
comparing the area under the curve (AUC) of the different algorithms. The seven ML algorithms we used were 
as follows: naive Bayes (NB), RF, support vector machine (SVM), AdaBoost classification tree (AdaBoost), 
enhanced logistic regression (LogitBoost), k-nearest neighbors (k-NN), and Cancerclass. We repeated five cross-
validations 10 times for each model to optimize the parameters. Subsequently, we evaluated and compared the 
AUC values of the different ML models using the validation set GSE75010 (Fig.  3C). Our results indicated 
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that the RF algorithm constructed a prediction model with higher diagnostic ability than the other algorithms 
(AUC = 0.70) (Fig. 3D).

To verify the predictive capacity of PE.ISGs and their advantages, we compared the PE.ISG-based ML models 
with three groups of published PE-related molecular markers. Our results indicated that in the GSE60438 and 
GSE75010 datasets, PE.ISGs had a better predictive capacity for treatment efficacy (Fig. 3E). Finally, we used 
heatmaps to demonstrate the immune response prediction capacity of the PE.ISGs and the three groups of 
published PE markers in datasets GSE60438 and GSE75010. The results showed that PE.ISGs provided better 
predictions of immunotherapeutic responses than the published PE-related molecular markers in all datasets 
(Fig. 3F). Therefore, the PE.ISG-based model exhibited higher accuracy for PE prediction than single molecular 
markers.

CIBERSORT immune analysis
We assessed LM22 characteristics using CIBERSORT to assess the distribution states of immune cells and 
compared the distributions of different immune cells between the PE and control groups using Wilcoxon rank-
sum tests (Fig. 4A). Our results revealed statistically significant (p < 0.05) expression levels in six immune cell 
types between the PE and control groups: CD4 + naive T cells, CD4 + resting memory T cells, activated natural 
killer (NK) cells, monocytes, M1 macrophages, and resting mast cells.

Subsequently, we performed a correlation analysis to investigate the relationship between PE.ISGs and 
various immune cell distributions in the GSE60438 dataset (Fig. 4B). Our results demonstrated that PE.ISGs 
were strongly correlated with the abundance of CD4 + naive and resting memory T cells as well as infiltrating 
monocytes. Specifically, we observed significant negative correlations between NR2C1 and CD4 + naive T cells 
(r = − 0.534, p = 9.18e-05) and between LCN6 and monocytes (r = − 0.484, p = 0.000497). Additionally, we detected 
significant positive correlations between LCN6 and CD4 + resting memory T cells (r = 0.627, p = 1.86e − 06) and 
between CD72 and monocytes (r = 0.628, p = 1.78e − 06) (Fig. 4C-F).

Protein–protein interaction (PPI) and regulatory network construction
First, we performed a PPI analysis and constructed a PPI network of 11 PE.ISGs using the STRING database 
(Fig. 5A). The results indicated that four PE-related immune source–associated hub genes (hub PE.ISGs) were 
identified: ADIPOR2, NR1D1, NR2C1, and RXRG.

Second, using the StarBase database, we accessed the microRNAs (miRNAs) associated with the hub PE.ISGs 
and constructed an mRNA-miRNA regulatory network, visualized using Cytoscape software (Fig. 5B). Among 
these, we identified one hub PE.ISG and 30 associated miRNAs (Table S2).

Third, using the ChIPBase database, we identified transcription factors (TFs) that bind the hub PE.ISGs. 
Using Cytoscape software, we constructed and visualized the mRNA-TF regulatory network (Fig. 5C), which 
contains two sources of hub PE.ISGs and 23 TFs (Table S3).

Finally, based on the StarBase database to predict hub PE.ISGs related to RNA-binding proteins (RBPs), we 
constructed and visualized an mRNA-RBP regulatory network using Cytoscape software (Fig. 5D). The network 
revealed two hub PE.ISGs and 27 RBPs (Table S4).

Drug susceptibility prediction and molecular docking
We used the DGIdb and cMAP databases to explore the potential interactions between hub PE.ISGs and PE-
related small-molecule compounds. The drug–gene interaction network indicated multiple potentially sensitive 
drugs or small-molecule compounds for different hub PE.ISGs (Fig. 6A). Subsequently, we searched for potential 
therapeutic drugs and reliable targets in the cMAP database based on the hub genes associated with the hub 
PE.ISGs and screened the ligand–receptor interaction pairs with a “cMAP Connectivity Score > 70,” yielding the 
following: TBK1 and BX-795 as well as EDNRB and IRL-2500.

Finally, we performed blind docking of hub PE.ISGs and small-molecule compounds using the CB-Dock2 
website. The hub PE.ISG RXRG displayed strong binding affinity for alitretinoin, tretinoin, and acitretin (Vina 

Fig. 2.  Differential Gene Expression and PE.ISG Analysis using Machine Learning Algorithms. (A) Volcano 
plot of differentially expressed genes (DEGs) between PE and control groups in dataset GSE60438. (B) Venn 
diagram of DEGs and IRGs. (C) Frequency distribution of LASSO algorithm results over 1,000 repeated 
experiments. The x-axis represents different gene sets, whereas the y-axis represents frequency. Bar chart 
values indicate the frequency of results for each gene set. (D) Bagged trees algorithm value distribution for 
different variables and model precision. The x-axis represents the source of preeclampsia immune source–
related genes (PE.ISGs), whereas the y-axis represents the precision model’s optimal value. (E) Precision 
value distribution of the RF algorithm for different numbers of variables. The x-axis represents the source of 
PE.ISG, and the y-axis represents the precision model’s optimal value. (F) Bayesian algorithm precision value 
distribution with different numbers of variables. The x-axis represents the source of PE.ISG, and the y-axis 
represents the precision model’s optimal value. (G) Wrapper feature selection (Boruta) algorithm. The x-axis 
represents the name of each variable, and the y-axis shows the Z value of each variable. The box plot displays 
the Z-scores calculated during the model analysis: the green box represents important variables, the yellow 
box represents tentative attributes, and genes in the green and yellow boxes were selected for inclusion in the 
model. (H) Importance values of key genes identified using the learning vector quantization (LVQ) algorithm.
PE, preeclampsia; IRGs, immune-related genes; IRDEGs, immune-related differentially expressed genes; DEGs, 
differentially expressed genes; PE.ISG, preeclampsia immune source–related gene; LASSO, least absolute 
shrinkage and selection operator; RF, random forest; LVQ, learning vector quantization; ML, machine learning.
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Fig. 3.  Diagnostic Model Analysis by Machine Learning Algorithms. (A) Visualization of the upset plot of six 
different ML algorithms. (B) Chromosomal mapping of six PE.ISGs. (C) Prediction model for PE incidence 
constructed using seven ML algorithms and validated on the GSE75010 dataset. (D) Visualization of the ROC 
curve of the RF algorithm for predicting PE events. (E) Performance graph showing the predictive efficacy of 
PE.ISGs and three groups of published PE-related molecular markers. (F) Heatmap of PE.ISG-related immune 
genes and three groups of published PE-related molecular markers in dataset GSE60438, along with the 
prediction of immune efficacy in the dataset GSE75010. The mean AUC represents the average AUC value.PE, 
preeclampsia; PE.ISG, preeclampsia immune source–related gene; ML, machine learning; RF, random forest; 
SVM, support vector machine; LogitBoost, boosted logistic regression; KNN, K-nearest neighbors; AdaBoost, 
AdaBoost classification trees; ROC, receiver operating characteristic; AUC, area under the curve. AUC values 
between 0.5 and 0.7 indicate low accuracy, whereas AUC values between 0.7 and 0.9 indicate moderate 
accuracy.
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Scores: −10.3, − 8.3, and − 7.5 kcal/mol, respectively) (Fig. 6B–D). The following amino acids were involved in 
the interaction with alitretinoin through hydrogen bonds, weak hydrogen bonds, hydrophobic forces, and ionic 
bonds: VAL266, ILE269, ALA272, ALA273, GLN276, ASN307, LEU310, ILE311, SER313, PHE314, ARG317, 
LEU326, LEU327, ALA328, VAL343, ILE346, PHE347, VAL350, CYS433, HIS436, LEU437, and PHE440. 
For tretinoin, the following amino acids were involved through hydrophobic interactions and ionic bonds: 
VAL266, ILE269, CYS270, ALA272, ALA273, GLN276, TRP306, ASN307, LEU310, ILE311, SER313, PHE314, 
ARG317, LEU327, ALA328, VAL343, ILE346, VAL350, CYS433, HIS436, LEU437, and PHE440. For acitretin, 
the interaction involved hydrogen bonds, weak hydrogen bonds, ionic bonds, and hydrophobic forces with 
the following amino acids: VAL266, ILE269, ALA272, ALA273, GLN276, LEU280 ASN307, LEU309 LEU310, 
ILE311, SER313, PHE314, ARG317, LEU327, ALA328, VAL343, ILE346, PHE347, ARG372, CYS433, HIS436, 
LEU437, and PHE440.

Discussion
PE is a hypertensive disorder during pregnancy. Depending on the onset before or after 34 weeks of gestation, 
the condition can be classified as early-onset or late-onset. However, the causes of PE and its optimal clinical 
management remain unclear10. Risk factors for PE include pre-pregnancy high blood pressure, kidney disease, 
and diabetes11. The pivotal effector mechanisms of PE include endothelial dysfunction, impaired angiogenesis, 
inadequate uterine spiral artery remodeling, and insufficient trophoblast invasion, all of which are associated 
with immune factors1213.

Fig. 4.  Immune Infiltration Analysis using the CIBERSORT Algorithm. (A) Comparative analysis of immune 
cell infiltration abundance in dataset GSE60438. (B) Correlation heatmap of immune cell infiltration. (C-F) 
Dot plots showing correlations between PE.ISGs and immune cells in dataset GSE60438.PE, preeclampsia; 
PE.ISG, preeclampsia immune source–related gene. * represents p value < 0.05 (statistically significant); * * * 
p value < 0.001, highly statistically significant. The absolute value of the correlation coefficient (r value) below 
0.3 indicates weak or no correlation, values between 0.3 and 0.5 indicate weak correlation, and values between 
0.5 and 0.8 indicate moderate correlation. In the group comparison diagram, pink represents the PE group and 
blue represents the control group. In the correlation heatmap, red represents a positive correlation and blue 
represents a negative correlation.
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Immune cells residing at the interface between the placenta and uterus are considered vital during pregnancy. 
An in-depth understanding of the immunological aspects of the mother-to-fetus interface is necessary to gain 
a better overview of PE pathogenesis14. Various innate and adaptive immune cells and mediators, including 
regulatory T cells, macrophages, NK cells, neutrophils, B cells, inflammatory cytokines, and anti-angiotensin 
type II 1 receptor autoantibodies, are involved in PE development15. However, PE-related immune dysregulation 
remains unclear. Therefore, further exploration of the relationship between immune mechanisms and PE is 
crucial.

Although an increasing number of studies have focused on the relationship between immune infiltration and 
PE through data mining, most relevant studies have focused on screening IRGs and immune cells5,6,16–20. In this 
study, we screened DEGs and immune cells using various ML methods and analyzed the correlation between 
immune cells and genes. Additionally, we screened potential drugs, thereby providing new perspectives for novel 
PE treatment strategies.

We analyzed the GSE60438 dataset to identify DEGs between PE and normal samples and obtained the 
intersection of DEGs and IRGs. A total of 34 IRDEGs were identified, and logistic regression analysis was 

Fig. 5.  PPI Network and Regulatory Network Analysis. (A) STRING database for computing the source of 
PE.ISG PPI network. (B) Hub PE.ISG mRNA-miRNA regulatory network (C) mRNA-TF regulatory network 
of hub PE.ISGs. (D) Hub PE.ISG mRNA-RBP regulatory network.
 PE.ISG, preeclampsia immune source–related gene; PPI, protein–protein interaction; TF, transcription factor; 
RBP, RNA-binding protein.Red represents mRNA, light blue represents miRNA, dark blue represents TF, and 
pink represents RBP.

 

Scientific Reports |         (2025) 15:1767 8| https://doi.org/10.1038/s41598-025-86442-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 6.  Gene–Drug Interaction Network and Molecular Docking. (A) Interaction network of hub PE.ISGs and 
small-molecule compounds. Red represents the hub PE.ISGs, light blue represents small-molecule compounds 
in the cMAP database, and dark blue represents small-molecule compound contained in DGIdb database. 
(B-D) Visualization of the docking results. RXRG with alitretinoin (B), RXRG with tretinoin (C), and RXRG 
with acitretin (D). From left to right, the panels show the global docking map and the interaction forces map, 
respectively.PE.ISG, preeclampsia immune source–related gene. The color gradient on the protein surface 
changes from green to orange to red, indicating a transition from hydrophilic to hydrophobic amino acids. 
The blue dashed lines represent hydrogen bonds, light blue dashed lines represent weak hydrogen bonds, gray 
dashed lines represent hydrophobic forces, yellow dashed lines represent ionic bonds, and green dashed lines 
represent π-π conjugation.
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performed to determine their diagnostic value in PE. This study confirmed that all 34 identified IRDEGs were 
PE-related. We designated 11 genes in at least four ML algorithm results as PE-related immunogens.

Moreover, our study is the first to demonstrate that NR2C1, NEDD4, CD72, LCN6, VIPR1, OGFR, PSMC4, 
UBR1, FGF11, TNFRSF14, TGFBR3, TRIM5, VCAM1, FABP5, CYLD, A2M, PF4V1, IGF2R, PSMD6, CD244, 
IL16, and S100A11 are PE-related genes. Nevertheless, their specific interactions and underlying effector 
mechanisms require further investigation.

We used seven ML algorithms—NB, RF, SVM, AdaBoost, augmented logistic regression (LogitBoost), k-NN, 
and Cancerclass—to construct a PE event prediction model and selected the best model by comparing the 
AUCs derived from the algorithms. Our results confirmed that the RF-based predictive model had the highest 
diagnostic capacity (AUC = 0.70).

A previous study demonstrated, using WGCNA analysis and the Evolutionary Approach, that DDX17 is a 
key gene for PE diagnostic biomarkers and therapeutic intervention targets21. DDX17 can act as a transcription 
coregulator and perform essential cellular functions, including splice site selection, RNA splicing, and secondary 
RNA structural rearrangement22–24. Our results also highlight DDX17 as an important molecular marker for PE 
prediction. Therefore, we hypothesize that DDX17 is crucial in PE pathogenesis.

The PPI network analysis demonstrated that the PE-associated hubs included ADIPOR2, NR1D1, NR2C1, 
and RXRG, which may play key roles in environmental changes in the uterus and pregnancy complications, 
including PE. Notably, our report on NR2C1 and RXRG represents the first mention of these markers in the 
context of PE. This breakthrough provides promising diagnostic biomarkers that could significantly bolster 
early detection and facilitate timely interventions, potentially enhancing prognoses for both expecting mothers 
and their fetuses. RXRG is a retinoid receptor gene, and bifenox can cause implantation disorders during early 
pregnancy by inhibiting RXRG expression25.

During pregnancy, estrogens cause changes in enzymatic activity, increase Ca2+-activated K + channel 
function, reduce inflammatory cytokine release and oxidative stress, and improve placental perfusion function. 
Moreover, estrogen levels are reportedly decreased in patients with PE26. Estrogen can affect immune responses 
by interacting with various estrogen receptor (ER)-expressing immune cells, such as T cells, B cells, dendritic 
cells, macrophages, neutrophils, and NK cells27. Interestingly, the expressions of RXRG and ER are positively 
correlated28. In this study, we demonstrated that RXRG is an IRDEG. Overall, RXRG is a potential PE surrogate 
factor that promotes PE development via changes in ER expression.

Furthermore, drug sensitivity prediction and molecular docking analysis revealed a strong binding force 
between RXRG and alitretinoin (Vina score = − 10.3  kcal/mol). This binding strength score indicates that 
alitretinoin is a strong candidate for drug development and therapeutic interventions targeting RXRG, providing 
a scientific basis for new drug development.

Adiponectin is an insulin-sensitizing hormone that exerts both pro- and anti-inflammatory effects. The 
adiponectin signaling receptors AdipoR1 and AdipoR2 are expressed in epithelial, endothelial, and immune 
cells29. ADIPOR2 protein and mRNA levels were significantly higher in patients with severe PE than in those 
with mild and normal pregnancy30. The results of this study were consistent with our findings, although the 
specific underlying mechanisms need to be further explored. The disturbance of maternal immune tolerance to 
the embryo at the mother-to-fetus interface may be related to PE onset. Recent studies have identified disease-
associated IGFBP1 + SPP1 + extracellular villous trophoblast (EVT) cells of the decidua in patients with PE 
accompanied by newly discovered immune cell dysfunction31. Some studies have demonstrated that SP1 plays a 
vital role in decidualization. SP1 dysfunction could impair decidualization and contribute to PE32.

The PE- and immune-derived genes better predicted immunotherapeutic responses than the published PE-
related molecular markers. In addition, our model predicted PE with higher accuracy than a single molecular 
marker. CIBERSORT can be used to analyze the distribution status of immune cells in diseases33. Our study 
identified increased infiltration of immune cells, including CD4+ naive T cells, CD4+ resting memory T cells, 
activated NK cells, monocytes, M1 macrophages, and resting mast cells. The invasion of abnormal EVT cells and 
spiral artery remodeling were associated with PE. During maternal tissue invasion, EVT cells express HLA-C, 
HLA-G, HLA-E, and HLA-F and interact with various cells, including uterine natural killer (uNK) cells, via 
different receptors34. Circulating monocyte subgroups in patients with PE are imbalanced35. Moreover, the 
number of M1 macrophages is increased in the placenta of patients with PE36.

This finding highlights the intricate immune dysregulation underlying PE and provides a more nuanced 
understanding of its pathophysiology from an immunological perspective. Exploring the interactions between 
these immune cells and specific molecular markers may pave the way for innovative studies into targeted 
therapies. These treatments could modulate the immune response in patients with PE, potentially reducing the 
severity and complications of the disease.

Additionally, we observed strong correlations between PE.ISGs and the abundance of CD4+ infantile T cells, 
CD4+ resting memory T cells, and monocyte infiltration. NR2C1 was significantly negatively correlated with 
CD4+ naive T cells. LCN6 was significantly negatively correlated with monocytes and positively correlated 
with CD4+ resting memory T cells. Finally, CD72 was significantly positively correlated with monocytes. These 
relationships are described for the first time in this study.

Monocytes are short-lived cells that mature in the circulation and can invade tissues upon inflammatory 
stimuli, developing into macrophages. Macrophages are abundant in the endometrium and are crucial for 
implantation and placentation during normal pregnancy37. A previous study described that in patients with 
severe PE, CD4+ T cell numbers increased and CD8+ T cells decreased compared with those during normal 
pregnancy38. Consequently, we hypothesized that NR2C1 and LCN6 regulate CD4+ infantile T cells, influencing 
CD4+ T cell and T cell CD4 memory resting populations.

This finding indicates the complex immune dysregulation underlying PE, thereby suggesting a more nuanced 
understanding of its pathophysiology from an immunological perspective. Exploring the interactions between 
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these immune cells and specific molecular markers may lead to new avenues for targeted therapies. These 
treatments may help modulate the immune response in patients with PE, potentially reducing disease severity 
and associated complications.

Moreover, our drug–gene interaction network analysis identified potential therapeutic targets and small-
molecule compounds (including TBK1, BX-795, EDNRB, IRL-2500, alitretinoin, tretinoin, and acitretin) that 
show strong binding affinities to PE-linked immune-derived hub genes. This underscores new avenues for drug 
repurposing and the creation of targeted therapies, paving the way for more effective PE treatments. Identifying 
compounds that specifically target and modulate the genes and pathways involved in PE pathogenesis could 
revolutionize the clinical management of this condition.

Our study has some limitations. First, it lacks laboratory experiments to validate the bioinformatics findings, 
which would strengthen the conclusions derived from computational analyses. Second, the sample sizes of the 
GSE60438 and GSE75010 datasets were relatively small, limiting the generalizability of the predictive models 
and molecular signatures. Third, clinically validated analyses were not performed to confirm the utility of PE-
related immune genes in real-world settings. Finally, the use of multiple datasets introduces potential batch 
effects that may bias the results. Future studies should address these limitations by including larger cohorts, 
conducting experimental validations, and using robust statistical methods to mitigate batch effects.

In conclusion, this study highlighted the critical need for precision medicine approaches to manage pregnancy 
complications such as PE. By leveraging bioinformatics and ML techniques to unravel the complex interactions 
among genes, immune cells, and potential drug targets, personalized treatment strategies can significantly 
improve the outcomes of pregnant women and their babies.

Although this study identified molecular markers and immune mechanisms associated with PE via 
bioinformatics analysis, the absence of laboratory validation weakens the reliability of the conclusions. 
Additionally, the lack of clinically validated analyses limits the practical applicability of the identified immune 
genes in gestational hypertension. Future studies should focus on increasing sample sizes, conducting 
experimental validations, and applying robust statistical methods to reduce batch effects and enhance the 
credibility and utility of the study.

Materials and methods
Data extraction and IRDEGS
To develop immune-based PE prediction models for clinical precision medicine in PE, we used the R package 
GEOquery39 from the GEO database (https://www.ncbi.nlm.nih.gov/geo) to extract the PE GSE60438 40 and 
GSE75010 41 datasets. The Homo sapiens GSE60438 dataset and the GPL6884 data platform contained a total 
of 48 samples, of which 25 and 23 were PE and control samples, respectively. The Homo sapiens GSE75010 
dataset and GPL6244 data platform contained 157 samples, of which 80 and 77 were PE and control samples, 
respectively. All PE and control samples were included in this study. Finally, we used the R package DESeq2 42 for 
the GSE60438 datasets and GSE75010 for standardizing, annotation probe, standardization, and normalization 
processing.

We used 2,483 source IRGs in subsequent analysis from the ImmPort database43 ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​i​m​m​p​o​r​t​.​o​r​g​/​
h​o​m​e​​​​​) (Table S5). Furthermore, we identified three groups of PE molecular markers from previous publications, 
which were used for prediction model comparisons (Table S6)7,4445.

According to the sample grouping of the GSE60438 dataset, we divided the samples into PE and control 
groups. We used the R package limma to analyze the differences between the genes in the PE and control groups. 
We set | logFC | > 0.25 and adj. p < 0.05 as the threshold for DEGs. Among them, the logFC > 0.25 and adj. p < 0.05 
genes were considered upregulated. Genes with logFC < − 0.25 and adj. p < 0.05 were considered downregulated. 
We visualized the differential analysis results using a volcano plot generated by the R package ggplot2.

To identify PE-associated IRDEGs, we performed a variance analysis of the GSE60438 dataset. All | logFC | > 
0.25 and adj. p < 0.05 DEGs associated with IRGs were intersected, and the IRDEGs were mapped using a Venn 
diagram.

Machine learning algorithm sources for further immune-related molecular marker screening 
and PE prediction model construction
First, we performed logistic regression analysis based on the IRDEGs and GSE60438 training set. When the 
dependent variable was binary, namely the PE and control groups, we applied logistic regression to analyze the 
association between independent variables and the dependent variable using p < 0.05 as the criterion to screen 
IRDEGs.

Next, based on the IRDEGs included in the logistic regression analysis and the GSE60438 training set, we 
used six common ML algorithms to screen the IRDEGs: bagged trees, Bayesian, LVQ, wrapper (Boruta), LASSO, 
and RF. Finally, we selected genes identified in the results of at least four ML algorithms as PE.ISGs.

Among the algorithms, bagged trees is an ensemble learning algorithm that trains multiple decision trees 
by randomly selecting bootstrap samples of the data (with put-back sampling). The predictions of individual 
decision trees or their voting results are averaged to improve model stability and accuracy. The bagged trees 
algorithm reduces overfitting, which is useful for handling high-variance models.

Bayesian algorithms use prior knowledge and observations to update the probability distribution of the 
model, resulting in more accurate predictions and inferences. These algorithms are statistical inference methods 
based on Bayes’ theorem and are designed to deal with uncertainty and probabilistic inference. Among ML 
algorithms, Bayesian methods can be used for parameter estimation, model selection, and prediction.

LVQ algorithms are used in neural networks to classify patterns by creating a learning vector set in the 
feature space. These vectors represent different classes, and data points are assigned to the class represented by 
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the closest learning vector. Although LVQ algorithms perform well on smaller datasets, they are limited when 
applied to large-scale data.

The wrapper (Boruta) algorithm is a feature selection algorithm that identifies the most important features 
from a large set of features. The RF algorithm compares the importance of the original features by introducing a 
set of virtual “shadow features.” The wrapper (Boruta) algorithm uses statistical methods to determine whether 
features are significant, thereby helping to reduce dimensionality and improve model performance.

The LASSO algorithm is a linear model for feature selection and regression analysis that adds an L1 
regularization term (absolute value penalty) to optimize linear regression and push some coefficients to zero. 
The LASSO algorithm can effectively process high-dimensional data and reduce overfitting.

We used seven ML algorithms to construct the PE.ISG- and GSE60438 training set-based training model: 
NB, RF, SVM, AdaBoost, Strengthen Logistic Regression (Boosted Logistic Regression, LogitBoost), k-NN, and 
Cancerclass algorithms. We applied different parameters for these ML algorithms and used 50% cross-validation 
for hyper-parameter adjustment to improve the model’s performance. To ensure the model’s robustness, we 
repeated the optimization process using a different random seed 10 times for each resampling. For the Cancerclass 
algorithm, which does not require parameter tuning, we trained the model directly on the entire training set.

Finally, based on the prediction model constructed by the abovementioned classifiers, we used the GSE75010 
validation set for the analysis. The classifier with the best classification performance in the validation set was 
selected to construct the PE prediction model.

PE.ISG comparisons
To further evaluate IRGs within PE.ISGs that have predictive value, we compared PE.ISGs with the three groups 
of PE molecular markers identified from previous studies. To assess PE prediction performance, three sets of 
molecular markers were compared with PE.ISG in the GSE60438 and GSE75010 datasets.

CIBERSORT immune infiltration analysis
CIBERSORT46 is based on linear support vector regression and was used to deconvolute the transcriptome 
expression matrix to assess immune cell composition and abundance in a mixture of cells. The CIBERSORT 
algorithm, combined with the LM22 feature gene matrix and filtering out data with immune cell enrichment 
scores higher than zero, obtained specific results for the immune cell infiltration matrix in the GSE60438 dataset.

Subsequently, we used the R package ggplot2 to create group comparison maps and visualize the expression 
differences of LM22 immune cells between the PE and control groups in the GSE60438 dataset. Finally, we used 
the R package heatmap to create heatmaps to highlight the results of correlation analysis between immune cells 
and PE.ISGs in the GSE60438 dataset.

PPI and regulatory network construction
The PPI network consisted of proteins that interact with each other and participate in signaling, gene expression 
regulation, and various life processes, such as energy and substance metabolism or cell cycle regulation. 
Systematic analysis of protein interactions in biological systems is particularly important for understanding 
the functional principles of corresponding proteins, the reaction mechanisms of biological signals, and energy 
and substance metabolism under specific physiological conditions (e.g., diseases) as well as the functional 
relationships between proteins.

The STRING database47 (https://string-db.org/) facilitates the search for interactions between known and 
predicted proteins. In this study, we used the STRING database based on PE.ISGs with a minimum interaction 
score > 0.150 (minimum required interaction score: low confidence [0.150]) to construct the PPI network of the 
PE.ISGs. The PPI network included genes as hub PE.ISGs.

TFs control gene expression after transcription through hub genes connected to immune-related source of 
hub PE.ISG interactions. We used the ChIPBase database48 (http://rna.sysu.edu.cn/chipbase/) to retrieve and 
analyze hub PE.ISG-regulating TFs and Cytoscape software to visualize the TF control network (mRNA-TF 
regulatory network).

In addition, miRNAs are crucial regulators of biological development and evolution. They regulate various 
target genes, and the same target gene can be regulated by multiple miRNAs. We used the StarBase v3.0 database49 
to analyze the relationships between hub PE.ISGs and miRNAs and used Cytoscape software to visualize mRNA-
miRNA regulatory networks.

RBPs50 are pivotal for gene regulation and various biological processes, such as RNA synthesis, alternative 
splicing, modification, transport, and translation. We predicted hub PE.ISG target RBPs using the StarBase v3.0 
database (https://starbase.sysu.edu.cn/) and visualized the mRNA-RBP regulatory network using Cytoscape 
software.

Drug target prediction and molecular docking
We combined the DGIdb51 (https://dgidb.org/) and the cMAP (Connectivity Map) database (https://clue.io/) 
to explore the source of PE.ISGs and the interactions of small-molecule compounds to identify potential PE 
drug targets and therapies. The DGIdb is a drug–gene interaction database that provides information on the 
associations of genes with known or potential drugs. DGIdb contains > 14,000 drug–gene interactions, involving 
2,600 genes and 6,300 drugs targeting these genes, as well as 6,700 other genes that could be potential targets for 
future drugs.

The cMAP database, developed by researchers at Harvard University, the University of Cambridge, and the 
Massachusetts Institute of Technology, is a gene expression database that uses gene expression differences after 
treating human cells with various compounds (including small molecules) to establish a biological application 
database of the interactions between distractors, gene expression, and disease. By combining the two databases, 
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we identified the details of the interaction between PE.ISGs and small-molecule compounds and identified 
possible drugs associated with PE that could be beneficial for its treatment.

To investigate the mechanism of drug–PE.ISG interactions, we used the gene–drug correlation results 
predicted by cMAP. We selected small molecules with a “cMAP Connectivity Score” >70 and matched them 
with the corresponding source of PE.ISG. Subsequently, we used the CB-Dock2 website (24) ​(​​​h​t​t​p​s​:​/​/​c​a​d​d​.​l​a​b​s​
h​a​r​e​.​c​n​/​c​b​-​d​o​c​k​2​/​p​h​p​/​i​n​d​e​x​.​p​h​p​​​​​) for molecular docking analysis. The CB-Dock2 website is a modified version 
of the CB-Dock server for protein–ligand blind docking, integrating cavity detection, docking, and homologous 
template fitting. Using three-dimensional (3D) protein and ligand structures, we predicted binding sites and 
affinities for computer-aided drug discovery. First, we downloaded the 3D molecular structures of alitretinoin 
(CID449171), tretinoin (CID444795), and acitretin (CID5284513) from the PubChem database52 ​(​​​h​t​t​p​s​:​/​/​p​u​b​c​
h​e​m​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​​​​​)​. Subsequently, we obtained the X-ray crystal structure of PE from the protein structure 
database Protein Data Bank (PDB): RXRG (PDB code: 7A79)53. Finally, we used the AutoDock Vina program54 
on the CB-Dock2 website to perform blind docking and visualize the PE.ISG and corresponding small-molecule 
compounds. The docking score of AutoDock Vina (Vina Score) indicates the binding strength as follows: > 
−4 kcal/mol, extremely weak or no binding; −7 kcal/mol, < Vina Score < − 4 kcal/mol, medium binding strength; 
< −7 kcal/mol, firm binding strength.

Statistical analysis
All data processing and analysis in this study were performed using R software (Version 4.2.2). Unless stated 
otherwise, we used an independent Student’s t-test to determine significant differences when comparing two 
groups of continuous variables with a normal distribution and the Mann–Whitney U test (Wilcoxon rank-sum 
test) to determine differences between variables that were not normally distributed. We used the Kruskal–Wallis 
test to compare three or more groups. Spearman’s correlation analysis was used to calculate the correlation 
coefficient between different molecules. All P-values were two-sided if not specified, and a p value < 0.05 was 
considered statistically significant.

Data availability
The datasets generated and analyzed during the current study are available in the Gene Expression Omnibus 
(GEO)(https://www.ncbi.nlm.nih.gov/geo).
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