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Abstract
Purpose  This study aimed to identify novel biomarkers for preeclampsia (PE) diagnosis by integrating Weighted 
Gene Co-expression Network Analysis (WGCNA) with machine learning techniques.

Patients and methods  We obtained the PE dataset GSE25906 from the gene expression omnibus (GEO) database. 
Analysis of differentially expressed genes (DEGs) and module genes with Limma and Weighted Gene Co-expression 
Network analysis (WGCNA). Candidate hub genes for PE were identified using machine learning. Subsequently, 
we used western-blotting (WB) and real-time fluorescence quantitative (qPCR) to verify the expression of F13A1 
and SCCPDH in preeclampsia patients. Finally, we estimated the extent of immune cell infiltration in PE samples by 
employing the CIBERSORT algorithms.

Results  Our findings revealed that F13A1 and SCCPDH were the hub genes of PE. The nomogram and two candidate 
hub genes had high diagnostic values (AUC: 0.90 and 0.88, respectively). The expression levels of F13A1 and SCCPDH 
were verified by WB and qPCR. CIBERSORT analysis confirmed that the PE group had a significantly larger proportion 
of plasma cells and activated dendritic cells and a lower portion of resting memory CD4 + T cells.

Conclusion  The study proposes F13A1 and SCCPDH as potential biomarkers for diagnosing PE and points to an 
improvement in early detection. Integration of WGCNA with machine learning could enhance biomarker discovery in 
complex conditions like PE and offer a path toward more precise and reliable diagnostic tools.
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Introduction
Preeclampsia is a pregnancy-specific disease that compli-
cates up to 5–8% of all pregnancies and is considered one 
of the leading causes of maternal morbidity and mortality 
worldwide [1]. With its exact cause remaining unknown, 
preeclampsia is assumed to arise from the interaction 
between environmental and genetic factors. Low levels 
of PlGF and high levels of sFlt-1 have been identified in 
previous studies as good predictors of PE and adverse 
pregnancy outcomes in the latter half of pregnancy but 
have poor performance in identifying women in early 
pregnancy or those with mild symptoms [2]. Because no 
specific biomarkers are available to accurately diagnose 
preeclampsia, it is difficult to effectively prevent or treat 
the disease [3–5].

The primary challenge for the biomarker discovery of 
PE is the disease complexity and single biomarker inabil-
ity to provide diagnosis with enough reliability, especially 
at early stages of pregnancy [6, 7]. Much of the current 
research on biomarkers for PE has focused on those that 
reflect vascular dysfunction, immune dysregulation, and 
placental abnormalities [8]. However, most of these stud-
ies fail in their representation of the complete spectrum 
of molecular changes in PE and hence yield biomarkers 
with generally poor sensitivity and specificity, especially 
in early or mild forms of the disease. Therein lies the crit-
ical need for more sensitive and specific biomarkers to 
identify PE sufficiently early that interventions would be 
most effective.

Only recently has progress in bioinformatics and 
machine learning enabled surmounting some of these 
challenges [9]. Such complex disease studies as PE are 
specifically suitable for the machine learning methods-
random forest and LASSO regression [10, 11]. Gene 
expression data is of high dimensionality and requires 
methods that can handle large datasets to manage and 
analyze it. These models can therefore handle such 
complexity by selecting, out of the huge amount of data 
developed in a transcriptomic study, the most relevant 
features-that is, genes. Random forest is an ensemble 
learning technique very effective in classifying complex 
data sets and ranking gene importance based on their 
contribution to the prediction [12]. By contrast, LASSO 
regression is useful in feature selection via the applica-
tion of a regularization penalty, which will help in iden-
tifying the most predictive genes while at the same time 
minimizing overfitting [13]. In fact, these two approaches 
are particularly valuable in the context of PE, since 
high-dimensional gene expression data will have to be 
analyzed carefully in order to bring to light the key bio-
markers most relevant for diagnosis.

Apart from these, some of the bioinformatics methods, 
such as Weighted Gene Co-expression Network Analy-
sis integrated with machine learning models, can further 

provide deep insight into the molecular mechanisms of 
PE [14]. WGCNA allows for identifying co-expressed 
gene modules that may be of biological relevance for the 
disease [15], while ML techniques like random forest and 
LASSO can further prioritize the genes based on diag-
nostic potential. This integrated approach, in addition 
to enhancing robustness in biomarker discovery, further 
allows accuracy and reliability of potential biomarkers for 
clinical use.

Most biomarker studies of PE, although much 
improved, have been limited by a narrow set of biomark-
ers relied upon or a lack of comprehensive insight into 
the molecular pathways of the disease [16]. Herein, we 
aim to overcome these shortcomings by using a com-
bined approach of WGCNA and machine learning algo-
rithms for the identification of biomarkers for PE. In this 
work, we have focused on two most promising biomark-
ers from our analysis, F13A1 and SCCPDH. We inte-
grated bioinformatics and machine learning techniques 
in identifying these biomarkers, which were further vali-
dated by western blotting and qPCR in an independent 
cohort. Our findings indicate that F13A1 and SCCPDH 
have diagnostic advantages compared to already existing 
biomarkers and thus may enable more accurate detection 
of PE even at its early or mild stages.

We performed transcriptomics data analysis to find the 
potential novel biomarkers in preeclampsia by combin-
ing bioinformatics analysis with machine learning tech-
niques. Bioinformatics analysis in this study included 
collecting and analyzing publicly available data on pre-
eclampsia, including gene expression data of PE patients 
and controls (GEO: GSE25906) [17]. GSE25906 has been 
selected because this dataset contains whole gene expres-
sion profiles from placental samples of both PE and 
control pregnancies, thus allowing a robust comparison 
of the gene expression patterns between these groups. 
Besides, many studies have used this dataset before. 
Hence, this will be a good benchmark for us in terms of 
validation and comparability to existing literature on bio-
markers of PE. Gene Ontology enrichment and Gene Set 
Enrichment Analysis were applied in this paper to iden-
tify the disrupted biological processes and pathways of 
PE, respectively. With LASSO regression analysis and 
random forest algorithms, we identified hub gene expres-
sion signatures related to preeclampsia. The immune 
cell infiltrations in placental samples were further inves-
tigated to deeply analyze the underlying mechanism of 
PE and to analyze the relationship between different 
immune factors and hub genes. The study presents new 
insights into the molecular mechanism of preeclampsia 
and points to new biomarkers that may form a basis for 
early diagnosis of the disease.
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Materials and methods
Data collection
The PE dataset used in this study (GSE25906) was 
obtained from the Gene Expression Omnibus (GEO) 
database. This dataset included gene expression profiles 
of placental samples from PE patients (n = 23) and normal 
pregnant women (n = 37). ​(​​​h​t​​t​p​s​​:​/​/​w​​w​w​​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​
/​b​i​o​p​r​o​j​e​c​t​/​P​R​J​N​A​1​3​5​7​7​7​​​​​)​.​​

Differential gene expression analysis
Limma is a differential expression method based on a 
generalized linear model [18]. Here, we used the R soft-
ware package limma (version 3.40.6) for differential 
analysis to obtain differential genes between different PE 
samples and controls. The DEGs were identified based on 
the false discovery rate (FDR < 0.05) and absolute log2-
fold change (FC > 0.58) criteria.

Weighted gene co-expression network analysis
WGCNA was used to identify modules of co-expressed 
genes and further identify the hub genes important for 
PE diagnosis. “WGCNA” package in R was employed 
to carry out this analysis [19]. The key steps performed 
in the WGCNA analysis were as follows: 1. Data Pre-
processing: First, the genes with low variability were 
excluded by calculating the median absolute deviation 
(MAD) for each gene. Only the top 50% of genes with 
the highest MAD were retained to reduce noise. 2. Soft-
Thresholding Power Selection: A soft thresholding 
power (β) was determined to ensure the network exhib-
ited scale-free topology, a characteristic of biological 
networks. We selected β = 3 based on an analysis of scale 
independence and mean connectivity, which showed a 
scale-free R² value of 0.9. This choice was critical to cre-
ating a reliable adjacency matrix, emphasizing strong 
correlations while penalizing weaker ones. 3. Topologi-
cal Overlap Matrix (TOM): The adjacency matrix was 
transformed into a TOM, which represents the shared 
connectivity between gene pairs, and a dissimilarity mea-
sure was calculated. 4. Module Identification: Gene 
modules (clusters of co-expressed genes) were identified 
using hierarchical clustering and the dynamic tree cut 
algorithm. A minimum module size of 30 genes was set 
to ensure the robustness of the obtained modules. Mod-
ules were given unique colors for visualization. 5. Cor-
relation analysis: Module eigengene (the first principal 
component) was calculated to represent overall expres-
sion pattern of genes within one module. The correla-
tions of module eigengenes to clinical traits, such as PE 
versus control, were determined to identify modules sig-
nificantly associated with PE.

The purple module, which showed the strongest cor-
relation with PE, correlation coefficient = 0.65, P = 
1.9e-8, was selected for further analysis. This module 

was hypothesized to contain genes most relevant to PE 
pathology.

Functional enrichment analysis
Functional enrichment analysis was performed to iden-
tify the biological functions and pathways associated 
with the hub genes. The Gene Ontology (GO) database 
was used for functional enrichment analysis [20]. The 
functional enrichment analysis was performed using the 
R package “clusterProfiler”. The criteria for functional 
enrichment analysis using Gene Ontology (GO) analysis 
were set as a p value < 0.05. The analysis was performed 
based on the intersection of DEGs and the most signifi-
cant module genes. The results of GO enrichment analy-
sis were visualized via the Sangerbox platform [21].

Machine learning algorithms
LASSO regression and RF were used to identify candi-
date hub genes for the diagnosis of PE. LASSO regres-
sion is a popularly used method for feature selection and 
model fitting [22], while RF is a popularly used method 
for classification and feature selection [23]. The perfor-
mance of the algorithms was assessed by the AUC. The 
LASSO regression and RF analyses were performed using 
the “glmnet” [24] and “randomForest” [25] R packages, 
respectively. Those genes present in both the LASSO and 
RF analyses were considered as potential hub genes for 
the diagnosis of PE.

Validation via western blotting and qPCR
For external validation, placental tissue samples were 
obtained from 12 women who delivered at Fujian Mater-
nal and Child Health Hospital between April and July 
2023. The cohort included six PE patients and six con-
trols. Inclusion criteria for PE patients were based on 
the International Society for the Study of Hyperten-
sion in Pregnancy (ISSHP) guidelines, which include 
hypertension (≥ 140/90 mmHg) after 20 weeks of gesta-
tion and evidence of end-organ damage or proteinuria 
(> 300 mg/24-hour urine), and Early-Onset PE was diag-
nosed before 34 weeks of gestation. Late-Onset PE (n = 3) 
was diagnosed after 34 weeks of gestation [26]. Controls 
were healthy pregnant women with no history of hyper-
tension or pregnancy complications. Exclusion criteria 
included chronic hypertension, multiple pregnancies, or 
autoimmune diseases.

Demographic and clinical characteristics, including 
age, body mass index (BMI), mode of delivery, blood 
pressure, and proteinuria levels, were collected to ensure 
representativeness.

Western Blotting  Protein was extracted from placental 
tissue, and the expression of F13A1 and SCCPDH was 
evaluated using antibodies specific to these proteins. 

https://www.ncbi.nlm.nih.gov/bioproject/PRJNA135777
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA135777
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F13A1 antibody is derived from Abcam, article number 
AB179444, with a dilution ratio of 1:10,000 and a molecu-
lar weight of 80 kDa. SCCPDH antibody is derived from 
Abcam, article number AB185709, with a dilution ratio of 
1:2000 and a molecular weight of 47 kDa. (Supplementary 
Table 3).

qPCR  RNA was extracted from placental tissues and 
reverse-transcribed into cDNA. Gene expression lev-
els were quantified using primers specific to F13A1 and 
SCCPDH. Primer sequences and reaction conditions are 
detailed in Supplementary Tables 4–5.

This study was approved by the Ethics Commit-
tee of Fujian Maternity and Child Health Hospital 
(2022KYLLRD01038).

Diagnostic model
A nomogram was constructed using the hub genes iden-
tified in the machine learning algorithms. The nomogram 
was constructed using the R package “rms” [27]. The 
diagnostic value of the nomogram was evaluated using 
the receiver operating characteristic (ROC) curve. The 
nomogram assigns a score to each of the candidate genes, 
represented by “Points.” The total score, or “Total Points,” 
is calculated as the sum of the scores of all the candidate 
genes. This information can then be used to help diag-
nose PE by considering the overall score of the candidate 
genes.

Immune Cell Infiltration Analysis
In this study, the proportion of immune cells in PE and 
control samples was determined by using CIBERSORT, 
a computational method that employs gene expres-
sion profiles to identify immune cell proportions [28]. 
The “Cibersort” R package was utilized to perform the 
immune cell infiltration analysis. The bar plot was uti-
lized to visually represent the proportion of each type of 
immune cell in the various samples, and the vioplot was 
used to compare the proportion of different immune cells 

between the PE and control groups. Additionally, the cor-
relation between 22 types of infiltrating immune cells 
was depicted using a heatmap, which was created with 
the “corrplot” R package [29].

Statistical analysis
Statistical analysis and visualization were performed 
using R version 4.1.3. The ROC curve and the calcula-
tion of AUC along with its 95% confidence interval were 
established using SPSS Version 26.0 (IBM Corporation, 
Armonk, NY, USA). The comparison of the proportions 
of various immune cells between the control group and 
the AVC group was carried out using Student’s t test, 
which was performed using GraphPad Prism Version 
8.3.0 (GraphPad Software, San Diego, CA, USA). Image J 
software was used to measure the gray value of each sam-
ple in each group. SPSS was used to analyze the differ-
ences between groups. All statistical tests were two-sided 
and P-value less than 0.05 was considered statistically 
significant.

Results
Identification of differentially expressed genes
A visual representation of the study’s methodology is 
depicted in Fig.  1, starting with gene expression data 
obtained from the placentas of 23 PE patients and 37 
controls. A total of 45 DEGs were identified in the PE 
dataset using the Limma method, of which 30 were 
upregulated and 15 were downregulated. Compared to 
the original publication’s 128 DEGs, which used unsuper-
vised hierarchical clustering for analysis [17], Limma has 
an advantage in comparing differential gene expression 
between two groups of samples. It uses a linear model to 
estimate the mean-variance relationship of the data and 
then applies empirical Bayes methods to obtain moder-
ated t-statistics and p values for each gene [30]. The heat-
map and volcano plot of PE DEGs are shown in Fig. 2A 
and B, respectively.

Fig. 1  The workflow of the analyses
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Interpretation  The identified DEGs likely represent 
molecular disruptions associated with PE, including genes 
involved in immune regulation, vascular remodeling, and 
placental function. These disruptions underline the com-
plexity of PE pathology, which involves both maternal and 
placental factors.

Weighted gene co-expression network analysis and key 
module identification
As a complementary approach that focuses on gene 
expression correlation, we applied WGCNA to deter-
mine the strongest gene modules with member gene 
expression associated with PE. A “soft” threshold of 
β = 3 (scale-free R2 = 0.9) was selected based on the aver-
age connectivity and scale independence (as depicted 
in Fig. 3A and B). The clustering dendrogram of the PE 
and control samples is shown in Fig.  3C. As a result of 
the threshold, six gene co-expression modules (GCMs) 
were generated and are displayed in different colors in 
Fig. 3D and F. The correlation between PE and the GCMs 
is shown in Fig.  3E, with the purple module (compris-
ing 44 genes) demonstrating the highest correlation (PE 
coefficient = 0.65, P = 19e-8) and thus being identified as 
the central module for further analysis. The correlation 
between module membership and gene significance in 
the purple and black modules was calculated, and a sig-
nificant positive correlation was observed between them 
(r = 0.58, 0.46, respectively), as depicted in Fig. 3G and H. 
Thus, the genes in the purple module were found to be 
most significantly related to PE.

Interpretation  The strong association between the pur-
ple module and PE suggests that genes in this module may 
play key roles in disease development. Functional enrich-
ment analysis revealed involvement in biological pro-
cesses like activin binding and regulation of gonadotropin 

secretion, highlighting their potential roles in placental 
hormone regulation and immune response.

Functional enrichment analysis of genes associated with 
preeclampsia
To determine the reliability of the results in reflecting the 
pathogenesis of PE, we conducted a functional enrich-
ment analysis based on the genes that were shared from 
the differential expression analysis and WGCNA mod-
ule genes. Our analysis resulted in the identification 
of 10 common genes (CGs) from the intersection of 45 
DEGs and 17 genes in the purple module (as depicted 
in Fig.  4A). The 10 genes are RDH13, ENG, F13A1, 
DNAJC3, JAK1, TUBA1A, STRADBP1, SCCPDH, SPAG4, 
and TUBAP2.

GO analysis showed that the CGs were significantly 
enriched in biological process (BP) terms, including 
“activin binding”, “regulation of follicle-stimulating hor-
mone secretion” and “positive regulation of gonadotro-
pin secretion” (Fig. 4B). The enrichment analysis revealed 
that the CGs of PE were mainly related to balancing hor-
mones and supporting reproductive function.

Interpretation  These results underscore the importance 
of placental signaling pathways in PE and suggest that tar-
geting these processes could offer therapeutic or diagnos-
tic opportunities.

Identification of candidate hub genes via machine learning
Independently, we also applied LASSO regression and RF 
machine learning algorithms to evaluate candidate genes 
for their potential as PE diagnostic tools. The results of 
these algorithms are shown in Fig. 5A and B for LASSO 
regression and Fig. 5C and D for RF. The LASSO regres-
sion algorithm identified 10 potential candidate bio-
markers, while the RF algorithm ranked genes based on 

Fig. 2  Differentially expressed genes between PE and control samples. (A) Genes in red represent significantly high expression in PE, genes in green 
represent significantly high expression in control, and gray indicate insignificant changes. (B) The heatmap shows the all the 45 genes significantly highly 
expressed in PE or control samples

 



Page 6 of 13Zheng et al. BMC Pregnancy and Childbirth          (2024) 24:847 

their importance. ROC showed that RF model has good 
predict ability (Fig.  5E), and the multidimensional scale 
diagram indicated the separating capacity of the model 
(Fig. 5F).

Interpretation  F13A1, a coagulation-related gene, and 
SCCPDH, involved in amino acid metabolism, represent 
distinct but potentially complementary aspects of PE 
pathology. F13A1’s role in blood coagulation aligns with 
the hypercoagulable state observed in PE, while SCCP-

DH’s involvement in metabolic pathways suggests links to 
placental stress and dysfunction.

The expression of F13A1 and SCCPDH in PE placenta tissue
The baseline data table presents the demographic and 
clinical characteristics of the early-onset preeclampsia 
(PE), late-onset PE, and control groups. The early-onset 
PE group had a mean age of 27.7 years, BMI of 29.9 kg/
m², systolic blood pressure of 151 mmHg, diastolic blood 
pressure of 94.3 mmHg, and 24-hour urine protein levels 

Fig. 4  Intersection genes and GO analysis. (A) Ten hub genes were obtained by taking the intersections of the DEGs and ME purple module genes of the 
WGCNA. (B) Biological processes in which the common genes were involved

 

Fig. 3  Results of the WGCNA. (A) β = 3 was selected as the soft threshold with the combined analysis of scale independence and average connectiv-
ity. (B) The corresponding mean connectivity values at different soft threshold powers. (C) Clustering dendrogram of the PE and control samples. (D) 
Cluster dendrogram of genes. (E) Correlations between different modules and PE. Red indicates a positive correlation, and green represents a negative 
correlation. (F) Gene co-expression modules represented by different colors under the gene tree. (G, H) Correlation of module membership and gene 
significance in the purple and black module
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of 320 mg. The late-onset PE group had a mean age of 
31.0 years, BMI of 31.3 kg/m², systolic blood pressure of 
152.3 mmHg, diastolic blood pressure of 96.0 mmHg, 
and 24-hour urine protein levels of 350 mg. In contrast, 
the control group had a mean age of 30.3 years, BMI of 
28.5  kg/m², systolic blood pressure of 120 mmHg, dia-
stolic blood pressure of 76.5 mmHg, and 24-hour urine 
protein levels of 116.3  mg (Supplementary Table 1). 
Under WB, we observed the gray value of the F13A1 was 
down-regulated in the PE group and up-regulated in the 
control group, in contrast, SCCPDH was up-regulated in 
PE group and down-regulated in control group (Fig. 6A, 
B). Similarly, by qPCR we found that F13A1 was down-
regulated in the PE group and up-regulated in the control 
group, while SCCPDH was up-regulated in the PE group 
and down-regulated in the control group (Fig.  6C, D). 
Therefore, we validated our previous findings using pla-
centa tissue obtained from Fujian Maternity and Child 
Health Hospital.

Interpretation  The downregulation of F13A1 may con-
tribute to impaired vascular remodeling, a hallmark of 
PE, while SCCPDH upregulation could reflect metabolic 
adaptations or stress responses in the placenta. These 
findings support their roles as biomarkers and potential 
contributors to PE pathology.

Diagnostic value assessment
Overlapping between the top 10 genes from RF and 
the 10 potential candidate genes led to the identifica-
tion of two final candidate genes (F13A1 and SCCPDH) 
(Fig. 7A). The nomogram was constructed based on the 
two candidate genes (Fig.  7B), and an ROC curve was 
established to assess the diagnostic specificity and sen-
sitivity of each gene. The AUC and 95% CI were as fol-
lows: F13A1 (AUC: 0.90, 95% CI 0.82–0.98) and SCCPDH 
(AUC: 0.88, 95% CI: 0.79–0.97) (Fig. 7C, D).

Interpretation  The high AUC values for F13A1 and 
SCCPDH highlight their potential as accurate biomarkers 
for diagnosing PE.

Expression of hub genes and biological pathway 
enrichment
The expression of F13A1 was downregulated in the PE 
group, while SCCPDH was upregulated in the PE group 
(Fig. 8A). Gene Set Enrichment Analysis (GSEA) [31] of 
hub genes has shown that they are associated with tissue 
function, immune regulation and the circulatory system, 
including gap junction, the TGF-β signaling pathway and 
cardiac muscle contraction (Fig. 8B, C).

Fig. 5  Machine learning in screening candidate diagnostic biomarkers for PE: (A, B) Biomarkers screening in the Lasso model. The number of genes 
(n = 10) corresponding to the lowest point of the curve is the most suitable for PE diagnosis. (C, D) The random forest algorithm shows the error in PE; 
control group and genes were ranked based on the importance score. (E) ROC showed that RF model’s AUC = 0.875, and (F) the multidimensional scale 
diagram indicated the separating capacity of the model
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Interpretation  The differential expression of F13A1 and 
SCCPDH suggests their involvement in distinct but inter-
connected aspects of PE pathology.

Immune cell infiltration analysis
Because the bulk placenta was used for the gene expres-
sion analysis, we wanted to test whether the difference in 
gene expression was related to cell population change. To 
address this issue, we performed cell composition decon-
volution analysis using CIBERSORT [28] on 23 PE sam-
ples and 37 control samples. The results for the 22 blood 
cell types are displayed in a histogram (Fig.  9A) and a 
boxplot (Fig. 9B). Figure 8C showed data matrix correla-
tion analysis and its heat map. The data showed that the 
PE group had a significantly larger proportion of plasma 
cells (P = 0.02) and activated dendritic cells (P = 0.02) and 
a lower portion of resting memory CD4 + T cells (P = 0.03) 
than the control group.

Interpretation  These findings highlight an altered 
immune landscape in PE, characterized by enhanced 
inflammatory responses and impaired adaptive immunity. 
The interactions between immune cells and hub genes like 
F13A1 and SCCPDH could provide further insights into 
the immune dysregulation in PE.

Biomarker interaction hypotheses
Given the somewhat different roles of F13A1 and 
SCCPDH, these markers may also act in intersecting 

pathways to contribute to PE. For example, downregu-
lation of F13A1 might impede coagulation and vascu-
lar stability, while upregulation of SCCPDH may signal 
metabolic shifts attempting to compensate for placen-
tal stress. Both pathways could intersect at the point of 
immune dysfunction to worsen clinical manifestations of 
PE. Further studies are required to know how these bio-
markers might interact within the molecular landscape of 
PE.

Summary of key findings
The Supplementary Table 2 summarizes the identi-
fied hub genes, their expression trends, and biological 
relevance.

Discussion
The results of our study demonstrate the potential of 
using bioinformatics analysis and machine learning algo-
rithms in identifying novel biomarkers for the diagnosis 
of preeclampsia. By combining different computational 
techniques, we were able to identify two genes (F13A1 
and SCCPDH, AUC: 0.90 and 0.88, respectively) that have 
high diagnostic value for PE patients. The nomogram 
constructed using these two hub genes could be used as a 
diagnostic tool for PE.

The identification of F13A1 and SCCPDH as poten-
tial biomarkers for PE is an important finding. Coagu-
lation Factor XIII A Chain (F13A1) is a serine protease 
inhibitor that has been shown to be involved in various 

Fig. 6  The expression of F13A1 and SCCPDH in placenta tissue. (A) Expression of F13A1 and SCCPDH in western blotting, the lanes represent samples from 
two groups (6 vs. 6 comparison). Each lane came from a separate blot run under identical conditions. (B) The difference in gray value of western blotting. 
(C) Expression of F13A1 in qPCR. (D) Expression of SCCPDH in qPCR
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physiological processes, including the regulation of blood 
coagulation and fibrinolysis [32]. Previously, Yu Shang-
guan [33] and Epiney et al. [34]. also found that F13A1 is 
differentially expressed (decreased) in placental tissues of 
individuals with preeclampsia compared to controls.

Hofbauer cells have thus been implicated in influencing 
both the trophoblast invasion and angiogenesis known 
to take place throughout normal placental development 
[35]. Downregulation of F13A1 in PE may compromise 
these functions, thereby predisposing to abnormal vas-
cular remodeling, decreased placental perfusion, and 
increased inflammation characteristic of the condition 
[36, 37]. Further investigations are required on the mech-
anistic role of F13A1 in Hofbauer cells, especially regard-
ing the influence on trophoblast-Hofbauer cell crosstalk 
and its subsequent effects on angiogenic-immune path-
ways. Such interactions can be further elucidated using 
immunohistochemical analyses and functional assays, 
which may unravel new therapeutic targets for the man-
agement of PE.

Saccharine dehydrogenase (SCCPDH) is an enzyme 
involved in the metabolism of lysine, an essential amino 
acid. SCCPDH and F13A1 are both involved in the 
response to elevated platelet cytosolic Ca2+ [38]. The 
function of SCCPDH and its role in PE are not well 
understood. Some studies have demonstrated in animal 
models that SCCPDH is involved in the regulation of 
chronic stress, which contributes to anxiety depression 
[39]. There is evidence to suggest that anxiety and depres-
sion are prevalent in women with preeclampsia and that 
these mental health conditions can have an impact on the 
onset and course of the disease [40, 41].

A plausible hypothesis is that F13A1 downregulation 
and SCCPDH upregulation may converge on immune 
regulation pathways, influencing the inflammatory milieu 
in PE. Dysregulated interactions between trophoblast 
cells and maternal immune cells could create a feed-
back loop of vascular and metabolic dysfunction, fur-
ther impairing placental function. Future studies should 
explore these interactions to elucidate the mechanisms 
driving PE and identify potential therapeutic targets.

Fig. 7  Nomogram construction and the diagnostic value evaluation. (A) Venn diagram shows that two candidate diagnostic genes are identified via the 
above two algorithms. (B) The visible nomogram for diagnosing PE. (C, D) The ROC curve of each hub gene
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In addition to individual genes, our study also identified 
pathways affected in PE. The relationship between the 
TGF-β signaling pathway and preeclampsia is not fully 
understood, but TGF-β signaling is believed to play a role 
in the development of the condition [42]. TGF-β is a sig-
naling molecule that regulates various physiological pro-
cesses, including inflammation and the immune response, 
and it has been shown to be involved in the development 
of hypertension [43, 44] and renal dysfunction [45]. Some 

studies have suggested that TGF-β signaling may contrib-
ute to the pathogenesis of preeclampsia by disrupting the 
normal functioning of maternal blood vessels, leading to 
increased blood pressure and decreased blood flow to the 
uterus and placenta [46, 47]. Dysfunctional TGF-β may 
lead to incomplete normal invasion of trophoblasts, caus-
ing superficial placentation and impaired uteroplacental 
perfusion-one of the characteristic features of PE [48]. 
Also, TGF-β signaling can contribute to the immune cell 

Fig. 8  Expression of the top two candidate genes. Expression of hub genes in the PE and control groups (A), and GSEA revealed the enriched pathway 
of hub genes. (B) F13A1; (C) SCCPDH
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infiltration characteristic of the pro-inflammatory state 
in this condition [49]. Therefore, more research is needed 
to fully understand the role of TGF-β signaling in the 
development of preeclampsia.

There is some evidence to suggest that gap junctions 
may play a role in the regulation of blood flow and blood 
pressure, which are key features of preeclampsia [50, 51]. 
Gap junctions allow the communication between cells for 
the exchange of ions, metabolites, and signaling mole-
cules [52]. Any changes in the activity of gap junctions in 
trophoblasts would perturb placental homeostasis, lead-
ing to failure of nutrient and oxygen transport across the 
placenta to the fetus, and may further contribute to the 
increased systemic vascular resistance of PE [53]. Such 
investigations could incorporate therapeutic options with 
a view to mitigating the progression of PE.

Our study highlights the importance of dysregulated 
immune cells in the pathogenesis of PE. The results 
showed that various immune cells were dysregulated in 
PE patients, which is consistent with previous studies 
that have suggested that an abnormal immune response 
is a key contributor to the development of PE [54, 55]. 
This highlights the need for further studies to investigate 
the underlying mechanisms of immune cell dysregulation 
in PE, which could lead to the development of new thera-
pies for this disease. In future studies, it would be impor-
tant to perform additional bioinformatics analysis and 
machine learning on larger and more diverse datasets 

to further refine and validate our results. In addition, 
functional studies should be performed to gain a deeper 
understanding of the biological mechanisms underly-
ing the candidate biomarkers. These studies have the 
potential to significantly improve our understanding of 
preeclampsia and to lead to new and more effective strat-
egies for its prevention and treatment.

Limitations: First, the sample size of the dataset used 
in this study was comparatively small, which may limit 
the generalization of the results. Second, this study relied 
solely on data from placental tissues, which itself intro-
duces a number of biases. However, while instructive for 
disease mechanisms, placental tissue does not provide 
access to systemic biomarkers, which are more readily 
available for clinical diagnostics, for instance, in mater-
nal blood or urine. Furthermore, most gene expression 
profiles in the placenta reflect late-stage PE, which limits 
their applicability for early detection. These findings need 
to be validated in easily accessible biological specimens 
for eventual clinical use. Moreover, neither F13A1 nor 
SCCPDH has been validated as a diagnostic biomarker 
across populations. Biomarker expression may, in fact, 
differ according to patient demographics, including eth-
nicity, age, or body mass index, and co-morbidities such 
as diabetes or chronic hypertension. These factors could 
affect the molecular profiles of PE to an extent that the 
expression of both F13A1 and SCCPDH, or their diagnos-
tic performance, becomes modified. It would, therefore, 

Fig. 9  Immune cell compositions between PE and Control samples. (A) The relative percentage of 22 immune cells in each sample. (B) Differences in 
immune infiltration between PE and Control samples. (C) Data matrix correlation analysis and its heat map
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be important that their validity is studied across a wide 
variety of populations and different geographic regions 
to establish the general applicability of such biomarkers. 
Stratified analyses may refine their diagnostic utility in 
specific subgroups.

Conclusion
This work demonstrates the diagnostic value of F13A1 
and SCCPDH as new biomarkers for PE disease and 
depicts their roles in disease pathology. Integration of 
WGCNA and machine learning introduces a solid frame-
work for biomarker explorations that are deeply related 
to the insight into molecular mechanisms of PE. Once 
their limitations are overcome and findings validated in 
diverse populations, these biomarkers may mark a sea 
change in early diagnosis and improvement in patient 
outcomes.
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