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Abstract: Background: Late-onset preeclampsia (LO-PE) poses substantial risks to maternal–fetal 
health yet remains more challenging to predict than early-onset preeclampsia (PE), partly due to its 
stronger association with maternal factors such as obesity and chronic hypertension. Methods: We 
leveraged cell-free RNA (cfRNA) sequencing of maternal plasma in 48 samples—comprising early-
onset PE, late-onset PE, and corresponding control groups—to identify LO-PE–specific biomarkers. 
Differential expression analyses and elastic net regression were used to extract LO-PE gene 
signatures, with solution paths guiding the selection of the most predictive features. Results: 
Incorporating these LO-PE signatures into predictive models yielded area under the receiver 
operating characteristic curve (AUC) values of up to 0.88–1.00, surpassing baseline models that 
plateaued around 0.69. Pathway enrichment indicated that immune and metabolic processes—
including Allograft Rejection and Estrogen Response—were strongly implicated, highlighting genes 
such as HLA-G, IL17RB, and KLRC4 as potential biomarkers. Combining early- and late-onset 
signatures in a single model introduced performance trade-offs, emphasizing the fundamental 
pathophysiological differences between these subtypes. Conclusions: These findings suggest cfRNA-
seq–based signatures can substantially enhance LO-PE screening. Nevertheless, larger cohorts and 
multi-omics integration will be crucial to establish robust, clinically actionable risk stratification. 

Keywords: late-onset preeclampsia; cell-free RNA; biomarkers; maternal immunity; machine 
learning; maternal factors 
 

1. Introduction 

Preeclampsia is a condition characterized by the new onset of hypertension and proteinuria—or 
organ dysfunction such as liver or kidney impairment—after 20 weeks of gestation. It is reported to 
occur in approximately 2–5% of pregnancies worldwide [1]. This disorder significantly increases 
morbidity and mortality for both mothers and fetuses, and can lead to preterm delivery or severe 
complications (e.g., HELLP syndrome). 

Traditionally, preeclampsia has been categorized into early-onset (occurring before 34 weeks of 
gestation) and late-onset (occurring at or after 34 weeks of gestation) forms. Early-onset preeclampsia 
is typically associated with marked placental insufficiency and vascular dysfunction, and tends to 
present with more severe clinical outcomes. In contrast, late-onset preeclampsia is thought to be more 
influenced by maternal factors (obesity, hypertension, metabolic risks, etc.) [2,3]. Although late-onset 
preeclampsia is often regarded as relatively mild, it still raises the risk of maternal–fetal 
complications, and frequently necessitates cesarean delivery or other medical interventions. 

Currently, the only definitive cure for preeclampsia is delivery, and effective pharmacological 
interventions remain limited—especially for late-onset cases. For instance, low-dose aspirin has been 
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shown to significantly reduce the incidence of early-onset preeclampsia (before 34 weeks), but meta-
analyses suggest that this prophylactic effect is less pronounced in late-onset disease [4]. Hence, early 
risk stratification and management of late-onset preeclampsia remain crucial. 

Several screening approaches have been proposed to enable early risk assessment of late-onset 
preeclampsia, combining maternal background factors (e.g., chronic hypertension, obesity, history of 
diabetes), uterine artery Doppler measurements, and serum biomarkers (e.g., PlGF, sFlt-1). However, 
changes in placental-derived factors are less pronounced in late-onset cases than in early-onset cases, 
and predictive models relying solely on placental angiogenic factors often reach a sensitivity of 
around only 40% [2,5]. Consequently, late-onset preeclampsia has proven more challenging to predict 
with high accuracy. While it has been noted that maternal factors (e.g., high BMI, advanced maternal 
age) play a major role in late-onset cases [3,6], the specific molecular mechanisms underlying this 
subtype have not yet been fully elucidated. 

In recent years, machine learning (ML) and artificial intelligence (AI) approaches have gained 
attention for their potential to integrate these complex risk factors multidimensionally. For example, 
analyses of large-scale electronic health records (EHR) incorporating diverse maternal background 
and laboratory data have demonstrated high-accuracy prediction with an AUC exceeding 0.9 [6]. 
Nonetheless, most studies to date are retrospective and confined to specific cohorts, and thus lack 
external validation or prospective evaluation. Although attempts to merge multi-omics data (e.g., 
genetic risk scores, proteomics, metabolomics) have been reported [7], cost and clinical feasibility 
remain significant barriers. 

Parallel to developing more accurate predictive models, cell-free RNA (cfRNA) has recently 
garnered considerable attention as a promising source of biomarkers. cfRNA refers to free-floating 
RNA fragments found in maternal plasma; in pregnancy, these fragments include placental mRNA, 
offering a noninvasive method to capture biological information from both the mother and the fetus. 
Moreover, advancements in Next-Generation Sequencing (NGS) have made it possible to perform 
comprehensive analyses (cfRNA-seq) using small amounts of cfRNA, thereby facilitating the 
identification of molecular signatures distinguishing early- and late-onset preeclampsia [2,8]. 
• Early-Onset Preeclampsia (EO-PE): This form is predominantly driven by placental 

abnormalities and immune dysregulation that begin early in gestation; distinct differential 
expression of cfRNA has been reported. For example, Moufarrej et al. demonstrated a high-
accuracy model (AUC ≈ 0.9) using cfRNA derived from maternal plasma, suggesting an 
impairment of immune response and angiogenic pathways [9]. 

• Late-Onset Preeclampsia (LO-PE): Maternal comorbidities such as obesity or chronic 
hypertension play a substantial role, often diminishing the utility of purely placental biomarkers 
for high-sensitivity prediction. Indeed, many studies investigating cfRNA- or metabolite-based 
tests focus on overall PE risk and do not provide separate metrics (eg, AUC) for LO-PE alone. 
For example, while Maric et al. [10] report robust performance in predicting PE, their models do 
not isolate late-onset cases. As a result, the true accuracy for LO-PE remains unclear, and some 
data even suggest that maternal factors may overshadow direct placental signals, leading to 
potentially lower AUCs for late-onset compared to early-onset PE. Moving forward, it will be 
crucial to refine LO-PE–specific molecular signatures—possibly through multi-omics 
approaches integrated with maternal clinical data—and validate such signatures in large 
external cohorts. This line of research is expected to clarify whether dedicated LO-PE models 
can outperform current one-size-fits-all approaches and ultimately improve risk stratification in 
this patient population. 
This study focuses on LO-PE and aims to (1) identify cfRNA-based biomarker candidates 

specific to LO-PE, and (2) develop and evaluate machine learning models using these markers. More 
specifically, our objectives are: 
1. To characterize cfRNA profiles in LO-PE and compare them with known markers 

predominantly associated with EO-PE. 
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2. To apply two feature selection strategies—(A) an approach based on differential expression 
analysis, and (B) an approach leveraging prediction errors (via the elastic net solution path)—
and then assess LO-PE prediction performance in terms of AUC, sensitivity, and specificity. 

3. To examine the performance trade-offs involved in simultaneously predicting both EO- and LO-
PE, and to investigate how immune tolerance and metabolic pathways might be affected. 
Ultimately, this study seeks to elucidate the mechanisms underlying late-onset preeclampsia—

particularly those related to immune modulation and placental invasion—by leveraging cfRNA 
signatures, with the goal of informing future clinical management of preeclampsia. 

2. Materials and Methods 

This study analyzed cfRNA sequencing data from a total of 48 samples, comprising EO-PE, LO-
PE, and corresponding control groups for each subtype. Our goal was to identify potential 
biomarkers specifically associated with LO-PE and then construct and evaluate a diagnostic 
prediction model. The overall analytical workflow is illustrated in Figure 1. 

 

Figure 1. Overview of early-onset– and late-onset–specific signatures obtained from the DEG analysis under the 
three cutoff conditions (A/B/C). 

Dataset 

The dataset is based on a cfRNA cohort described in Reference [11], which includes 12 subjects 
with LO-PE, 12 subjects with EO-PE, and 12 controls for each group. Blood samples were collected at 
the time of PE diagnosis, and cfRNA (cell-free RNA) was extracted from maternal plasma for Next-
Generation Sequencing (NGS). Because the resulting RNA reads may include transcripts of both 
placental and maternal origin, it offers the intriguing possibility of capturing both maternal and 
placental factors. Given that our analysis involves a relatively small sample of 48 total specimens, 
special attention must be paid to sample-size limitations, the risk of overfitting, and the need for 
further external validation when constructing prediction models. 

Strategy for Selecting Signature Genes 
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To identify biomarkers specific to LO-PE, we employed two approaches: differential expression 
gene (DEG) and an elastic net–based machine learning method leveraging prediction error. First, we 
used RNA-seq count data to conduct three intergroup comparisons: “early-onset vs. control,” “late-
onset vs. control,” and “early-onset vs. late-onset.” We then used edgeR [12,13] and limma [14,15] to 
extract genes showing statistically significant differential expression. This process involved adjusting 
the p-values via the Benjamini–Hochberg method [16] to control the false discovery rate (FDR), and 
using log2 fold change (logFC) values as an additional criterion for candidate gene selection. By 
excluding genes that were differentially expressed in both early- and late-onset groups, we obtained 
a set of candidate genes more specific to LO-PE. 

Next, we applied an elastic net regression model using the glmnet [17] package to tackle two 
classification tasks—“control vs. early-onset” and “control vs. late-onset.” We optimized the model’s 
hyperparameter, λ, through cross-validation to maximize prediction performance (AUC) and 
simultaneously minimize the number of genes used. By examining the solution path, we extracted 
genes that contributed most significantly to predicting LO-PE and designated them as late-onset–
specific signatures for subsequent functional analysis. Since elastic net combines both 𝐿𝐿1 (Lasso) and 
𝐿𝐿2  (Ridge) regularization, it effectively prevents overfitting and performs variable selection 
automatically. This makes it particularly useful for scenarios, such as ours, where one must narrow 
down important features from a large pool of genes. 

Building and Evaluating the Predictive Model 

Using the selected signatures, we constructed models to predict LO-PE and evaluated their 
classification accuracy. Specifically, we adopted a holdout method, splitting the dataset into training 
(learning) and test (evaluation) sets: the training set consisted of healthy controls (n=16), early-onset 
cases (n=8), and late-onset cases (n=8), while the remaining samples formed the test set. We trained 
an elastic net model separately on the “early-onset signature” and the “late-onset signature,” and 
then computed the AUC to assess performance for the classifications “control vs. late-onset” and 
“control vs. early-onset.” 

In addition, we evaluated performance when combining the early-onset and late-onset 
signatures to investigate whether handling both simultaneously would induce any performance 
trade-off. The AUC (Area Under the ROC Curve) serves as a comprehensive measure of a model’s 
ability to discriminate between true positives and false positives, with 1.0 indicating perfect accuracy 
and 0.5 indicating performance equivalent to random guessing. Where necessary, we also considered 
sensitivity and specificity to gain insight into the balance between false positives and false negatives. 

Searching for Biomarker Candidates 

We further investigated the late-onset signature genes extracted via prediction-error analysis by 
conducting gene set and pathway analyses to clarify their functional characteristics. Specifically, we 
cross-referenced the gene lists with databases such as Gene Ontology and KEGG to statistically 
evaluate the enrichment of pathways related to metabolism, immunity, and other processes, using 
Fisher’s exact test. Of particular interest were genes involved in immune tolerance or placental 
invasion, such as HLA-G and IL17RB; their inclusion in the signature could suggest associations with 
maternal immune dysregulation or trophoblast (EVT) dysfunction in LO-PE. We compared such 
findings against previous studies to explore their biological significance. Ultimately, this functional 
validation of late-onset–specific gene groups helps lay the groundwork for determining their 
potential clinical utility as diagnostic biomarkers in future research. 

3. Results  

Identification of Signature Genes and Feature Selection 

First, we performed differential expression analyses (DEG) for three comparisons—(1) early-
onset PE vs. control, (2) late-onset PE vs. control, and (3) early-onset PE vs. late-onset PE—and 
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generated lists of signature candidates by systematically varying the thresholds for p-values and log 
fold change (logFC) (1b in Figure 1). We tested three cutoff conditions: (A) p < 0.05, (B) p < 0.05 & 
|logFC| > 1, and (C) p < 0.01. As shown in Figure 2A, the late-onset–specific signatures comprised 64 
genes under condition A, 1 gene under condition B, and 7 genes under condition C. By contrast, the 
early-onset–specific signatures included 1,337 genes (A), 12 genes (B), and 295 genes (C). 

 

Figure 2. Results of variable selection. (A) Signatures for each cutoff value in the expression variation analysis. 
(B) The solution path when constructing a predictive model for early and late onset using the elastic net. (C) 
AUC values corresponding to different values of the tuning parameter λ. (D) Signatures identified through the 
solution path. 

When we used these results to train an Elastic Net model, the model that relied solely on the 
single gene KLRC4 (from condition B) attained an extremely high predictive performance for LO-PE 
(AUC = 1.0). However, given the limited sample size, we must consider the possibility of overfitting. 

Candidate Selection via Prediction Error (Elastic Net Solution Path) 

Next, we performed cross-validation on the Elastic Net model while varying the hyperparameter 
λ in 50 increments, adopting the parameter setting that maximized predictive performance (AUC) 
while minimizing the number of selected genes (1a. in Figures 1). This approach extracted 52 genes 
as late-onset–specific signatures and 5 genes as early-onset–specific signatures (Figure 3B-D). These 
sets exhibited very little overlap with the signatures identified via DEG analysis. As shown in the 
Venn diagram in Figure 4, most genes from the solution-path (SP)–based signatures and those from 
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the DEG-based approach did not overlap for both early- and late-onset PE, indicating that the two 
methods complement each other. 

 

Figure 3. ROC curves for models trained using the early-onset and late-onset signatures. In the legend, (roc_A, 
roc_B, roc_C, roc_SP) refer to the three p-value thresholds (A, B, C) and the Elastic Net solution-path approach 
(SP). The purple dashed line (SP) exhibits particularly high sensitivity and specificity in certain ranges, 
confirming an AUC improvement. 

 

Figure 4. A Venn diagram illustrating the degree of overlap among the gene signatures identified through the 
four approaches (A, B, C, SP). Most of genes differ between the early- and late-onset signatures, suggesting 
distinct molecular mechanisms underlying each subtype. 

Comparative Performance of Prediction Models 

Table 1 and Figure 3 (ROC curves) present the results of Elastic Net regression models 
constructed and validated using each signature set (DEG-based: A, B, C; Elastic Net–based: SP). As a 
baseline, we also examined models without any signature genes: 
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• Training on early-onset samples yielded an AUC of 0.9375 for predicting early-onset PE but 
only 0.6875 for predicting late-onset PE. 

• Training on late-onset samples resulted in an AUC of 0.6875 for predicting late-onset PE. 
These findings indicate that the baseline approach is insufficient for predicting late-onset PE 

with high accuracy. In contrast, introducing late-onset–specific signatures (e.g., the 64 genes from 
condition A or the single gene from condition B) increased the AUC for late-onset PE prediction to 
around 0.88–1.0, highlighting the importance of markers specific to the late-onset subtype. Notably, 
the model using only KLRC4 (condition B) achieved an AUC of 1.0, but its generalizability remains 
uncertain. Additionally, when early-onset and late-onset signatures were used together, late-onset 
AUC sometimes decreased, and a drop in early-onset performance was also observed—indicative of 
a trade-off. 

Table 1. Summary of AUC values for early-onset and late-onset PE prediction using the DEG- and Elastic Net–
based signatures. Results are grouped according to the training data used. 

 

As shown in Table 1, the major differences in pathophysiology and molecular mechanisms 
between early- and late-onset PE make it challenging for a single signature to achieve high accuracy 
for both subtypes. Indeed, while adding late-onset–specific signatures improved the AUC for late-
onset PE, it sometimes slightly reduced performance for early-onset predictions. These findings 
underscore previously reported observations that “without tailored markers for late-onset PE, it is 
difficult to achieve high prediction accuracy. 

Candidate Biomarkers and Functional Analysis 

From the 52 late-onset–specific genes identified by Elastic Net (Figure 5), functional annotation 
revealed significant enrichment in immune-related and hormone/metabolic pathways. Among the 
top categories were Allograft Rejection and Estrogen Response.   

Notably, HLA-G, IL17RB, and KLRC4—genes previously implicated in immune tolerance and 
trophoblast invasion—showed marked expression differences in the LO-PE group compared with 
controls. This observation suggests a potential role for impaired maternal–placental interactions.   

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 March 2025 doi:10.20944/preprints202503.2118.v1

https://doi.org/10.20944/preprints202503.2118.v1


 8 of 11 

 

 

Figure 5. Results of pathway enrichment analysis for the 52 late-onset signature genes identified by the Elastic 
Net model. The horizontal axis represents -log10(p-value), while bubble size corresponds to fold enrichment. 
Estrogen response, rejection-response pathways, and glycolysis/ketone-body metabolism pathways appear 
among the top enriched categories. 

4. Discussion 

By developing a prediction model based on cfRNA profiles, this study demonstrates the 
potential to improve the AUC for predicting LO-PE from 0.69 (using conventional marker sets) to the 
0.88–1.0 range by integrating late-onset–specific signatures. A major advantage of cfRNA-seq is that 
it enables noninvasive detection of both placental and maternal transcripts in maternal plasma. This 
feature offers the potential to identify useful biomarkers even in LO-PE, which is influenced more 
strongly by maternal factors than early-onset disease [9,18]. 

Among the immune- and hormone/metabolic pathways, HLA-G and IL17RB appear particularly 
relevant in LO-PE. Wedenoja et al. [19] showed that HLA-G is significantly downregulated in 
preeclamptic placentas, indicating impaired fetal immune tolerance and reduced EVT infiltration—
both hallmarks of shallow placental invasion. Likewise, IL17RB (the IL-25 receptor) fosters 
trophoblast proliferation; Liu et al. [20] reported that diminished IL-17RB expression in PE placentas 
correlates with suboptimal placental development. Our findings reinforce that a late-onset immune 
“collapse” may be tied to early disruptions in maternal–fetal tolerance. Moreover, Ma et al. [21] 
identified maternal KIR2DL4–fetal HLA-G genotype combinations that modulate preeclampsia risk, 
underscoring the genetic dimension of immune tolerance. Altogether, these data underscore how 
dysregulated HLA-G, IL17RB, and related genes (e.g., KLRC4) may drive LO-PE pathophysiology. 

Although various immune and metabolic pathways have been proposed in late-onset 
preeclampsia (LO-PE), direct evidence for specific processes—such as Allograft Rejection, Estrogen 
Response, or Glycolysis—and for genes like HLA-G, IL17RB, and KLRC4 remains limited. Recent 
cfRNA-based studies nonetheless suggest that maternal–placental signaling abnormalities can be 
detected earlier than clinical onset, potentially offering a broader diagnostic window for LO-PE risk 
[9,10]. However, the current data primarily indicate general immune dysregulation rather than a 
uniquely “late-onset–specific” mechanism. Further validation—for example, in multi-ethnic cohorts 
and via single-cell or multiomics approaches—will be crucial to pinpoint precisely which genes or 
pathways diverge in LO-PE. 

This study observed a trade-off wherein including both early- and late-onset subtypes in a single 
model caused decreased accuracy for at least one subtype. That outcome likely stems from the distinct 
etiological underpinnings of EO-PE vs. LO-PE [22]. As noted by Moufarrej et al. [9], while EO-PE 
exhibits prominent signals from the placental formation stage, LO-PE often entails maternal 
metabolic and immune dysfunction that becomes clinically apparent later in gestation. Accordingly, 
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future research should focus on: (1) dynamic risk models incorporating longitudinal data by 
gestational week, or (2) algorithms that screen early- and late-onset cases separately and then 
generate an integrated risk score.  

The present study is subject to several limitations and suggests directions for future search. First, 
each group comprised only 12 samples, emphasizing the need for validation in larger cohorts and 
multi-center collaborations to ensure the generalizability of these findings. Second, the predictive 
signatures identified in this study are sensitive to the choice of thresholds in differential expression 
analyses (p-values) and the setting of hyperparameters (λ in the Elastic Net model). Comparative 
evaluations under multiple conditions are therefore necessary to confirm the robustness of the 
proposed signatures.  

Finally, there are challenges to clinical implementation, as measuring cfRNA and conducting 
NGS analyses remain expensive and require specialized equipment. Standardizing sample 
processing and streamlining analytic protocols will be critical for broader clinical adoption. 
Moreover, integrating other omics data (e.g., metabolomics, epigenomics) to provide a more 
comprehensive assessment of both maternal and placental status is an important next step. 

5. Conclusions 

This study identified late-onset–specific cfRNA signatures and demonstrated that incorporating 
them into an Elastic Net model substantially boosts predictive performance. Abnormalities in 
immune tolerance and metabolic systems—beyond what conventional early-onset markers can 
detect—may underlie the pathology of LO-PE. At the same time, challenges remain regarding sample 
size and model generalizability, pointing to the need for large-scale longitudinal studies and multi-
omics integration. Ultimately, leveraging cfRNA-seq–based composite maternal–placental 
biomarkers in tandem with AI could significantly advance the early diagnosis and management of 
LO-PE. 
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The following abbreviations are used in this manuscript: 

AI Artificial Intelligence 

AUC Area Under the Receiver Operating Characteristic Curve 
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BMI Body Mass Index 

cfRNA Cell-Free RNA 

DEG Differentially Expressed Gene 

EHR Electronic Health Record 

EVT Extravillous Trophoblast 

HLA-G Human Leukocyte Antigen-G 

IL17RB Interleukin-17 Receptor B 

EO-PE Early-Onset Preeclampsia 

LO-PE Late-Onset Preeclampsia 

ML Machine Learning 

NGS Next-Generation Sequencing 

PE Preeclampsia 

PlGF Placental Growth Factor 

ROC Receiver Operating Characteristic 

sFlt-1 Soluble fms-like Tyrosine Kinase-1 
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