
Journal of Clinical and Diagnostic Research. 2026 May, Vol-20(5): QE01-QE06 11

DOI: 10.7860/JCDR/2026/82583.23356

O
b

st
et

ri
cs

 a
nd

 G
yn

ae
co

lo
g

y 
S

ec
tio

n

From Data to Diagnosis: The Role of Machine 
Learning in Preeclampsia Prediction

Review Article

R Saroash Zulfishaan1, R Anusha2, Preet Agarwal3, Leena Chand4



INTRODUCTION
Understanding the underlying cause of the disease remains one 
of the central pursuits of modern medicine, PE, a multifaceted 
and elusive hypertension disorder of pregnancy, continues to 
challenge clinicians and researchers alike. Often referred to as the 
“Disease of Theories”, PE exemplifies the complexity of pregnancy 
related conditions, falling under the broader category of ‘Great 
Obstetrical Syndrome’ [1]. These syndromes are characterised by 
the convergence of multiple potentially overlapping pathological 
processes that culminate in a common clinical presentation [2]. 
As illustrated in [Table/Fig-1], the extensive maternal and foetal 
morbidity are associated with PE complications such as HELLP 
Syndrome, renal failure, placental abruption, foetal distress,  
intrauterine growth restriction (IUGR), and stillbirth emphasise that 
the condition is not confined to BP alone but affects virtually every 
organ system. Similarly [Table/Fig-2] highlights the complications 
of PE span a wide spectrum - from manageable conditions such 
as pulmonary oedema to life threatening outcomes like eclampsia, 
cerebral haemorrhage and even maternal death. This increase of 
severity visually shows how a single disease can escalate into diverse 
multisystem complications. PE shares certain physiological patterns 
with other obstetrical conditions such as preterm labour particularly 
through the involvement of the final common parturition pathway [3]. 
This pathway is typified by increased uterine contractility, cervical 
remodelling and activation of the membrane and decidua. In case of 
PE, the pathophysiology primarily involves syncytiotrophoblast stress, 
systemic endothelial cell activation and a heightened intravascular 
inflammatory response [2,4]. However, emerging clinical guidelines, 
as proposed by leading professional organisations, have redefined 
the diagnostic criteria. It is now recognised that in the context of 
multisystem involvement, PE can be diagnosed even in the absence 

of the proteinuria, reflecting a broader understanding of its systemic 
nature and diverse manifestation [5].
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ABSTRACT
Preeclampsia (PE) is a complex, potentially life threatening hypertensive disorder of pregnancy, that affects approximately 2-5% 
of pregnancies worldwide. It is characterised by elevated Blood Pressure (BP), Proteinuria and multiorgan dysfunction, posing 
significant risks to both maternal and foetal health. Timely identification of high-risk pregnancies is crucial to prevent severe 
complications. However, conventional diagnostic approaches relying on clinical assessments and biomarkers analysis often fall 
short in early and accurate prediction. Recent advancements in Machine Learning (ML) have opened new avenues for improving 
early prediction and diagnosis of PE, offering the potential for more targeted and timely interventions. This review explores the 
integration of ML algorithms with clinical, laboratory and demographic data to develop robust predictive models for PE. Studies 
employing Support Vector Machines (SVM), Logistic Regression (LR), Random Forest (RF) and Deep Neural Networks (DNN) has 
demonstrated the ability to uncover complex non linear patterns associated with PE risk. These models often surpass traditional 
diagnostic methods in accuracy and offer transformative potential in prenatal care. By incorporating ML based tools into routine 
obstetrics practice, it can help healthcare providers predict PE early and implement preventive strategies to reduce the risk of 
complications such as eclampsia and organ failure. This review offers a comprehensive, evidence-based review of ML models in 
PE prediction by integrating clinical, biochemical, imaging and genomic data. By bridging obstetrics and data sciences, it highlights 
model performance, personalisation, and clinical relevance, making it a timely and translational resource for improving maternal-
foetal outcomes through AI driven healthcare.

Importance of Early Prediction in Maternal and Foetal 
Health
Early prediction of PE is crucial for improving maternal and foetal 
outcomes, as the condition can quickly progress to life threatening 

[Table/Fig-1]:	 Complications of PE (Image created by the authors using Napkin AI 
based on literature derived concepts).
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alike [10,11]. CNNs are especially effective in image Recognition and 
classification due to their ability to spatial hierarchies in visual data [13]. 
Meanwhile, RNNs, with their feedback connections, are well suited 
for sequential data processing, making them ideal for applications 
such as time-series analysis, language modeling and speech 
recognition. In modern artificial intelligence deep learning serves as a 
foundational technology [12,13]. Its capability to extract meaningful 
representations from raw data has led to substantial improvements in 
accuracy across a range of domains, including medical diagnostics, 
autonomous systems and predictive analytics. These innovations 
have particular relevance for healthcare applications, where the 
interpretation of complex biomedical data is critical for early disease 
prediction and personalised treatment strategies [12-14].

Automated ML (AutoML)
Automated ML represents a major advancement in making ML 
more accessible and efficient. By automating key steps such as 
feature selection and hyper parameter tuning. AutoML allows even 
non experts to build effective predictive models [15]. This reduces 
development time, improves performance and lowers the barrier to 
adopting AI driven solutions across diverse industries. In healthcare, 
including PE prediction, AutoML enables rapid creation of robust 
models without deep expertise in data sciences, supporting 
clinicians and researchers in developing reliable, data driven tools 
for improved patient care [15-17].

Advantages of ML in PE Prediction: Prediction 
Accuracy
One of the most significant advantages of applying ML in PE prediction 
is its ability to improve predictive accuracy by analysing complex 
datasets. Unlike traditional statistical approaches, which rely on 
predefined assumptions and linear relationships ML algorithms can 
uncover subtle, non linear interactions among diverse risk factors 
[18]. This enables nuanced modelling of PE risk and supports 
earlier, more reliable identification of high-risk pregnancies. ML 
techniques are particularly well suited for integrating heterogeneous 
data, including maternal demographic characteristics, biophysical 
assessments (such as uterine artery Doppler measurements), and 
biochemical markers [19]. Recent studies have demonstrated that 
by combining these features in ML based models significantly 
enhance predictive performance, often outperforming conventional 
clinical models [20]. These algorithms can identify early warning 
signs and subtle indicators that may otherwise be overlooked by 
standard diagnostic protocols, thereby facilitating timely clinical 
interventions. Furthermore, the continuous evolution of ML tools and 
their incorporation into modern healthcare workflows contributes 
to more precise risk stratification and personalised monitoring 

stages if not identified and managed promptly. Timely prediction 
enables preventive interventions, reducing severe maternal 
complications and adverse neonatal outcomes. Accurate risk 
stratification in early pregnancy can enable vigilant monitoring and 
proactive care [6,7].

Uterine artery doppler ultrasound in the first trimester is a key 
non invasive tool that assesses uteroplacental blood flow and 
predicts PE risk [8]. Studies report that abnormal doppler findings 
correlate strongly with later PE development with high specificity 
and sensitivity, integrating maternal demographic factors with 
biochemical and biophysical markers further improve prediction 
models [7-9]. Research shows combining maternal history with 
presentation assessments enhances early identification of high-risk 
women, enabling personalised interventions [7,8].

Recently, ML has emerged as a promising approach in obstetrics, 
overcoming limitation of traditional statistic models, ML algorithm 
process, higher dimensional, heterogeneous data, including biochemical 
markers, imaging and clinical records, to uncover complex, non-linear 
patterns enabling more accurate risk stratification [8,10].

The ML, a branch of AI, develops algorithms that learn from data to 
identify patterns and make predictions without explicit programming 
[11]. It includes unsupervised, supervised, semi supervised 
and reinforcement learning, each suited to specific data types 
and predictive goals [Table/Fig-3]. In PE, prediction ML enables 
integration of diverse data sources, revealing intricate risk factor 
interactions and supporting individualised early interventions. This 
positions ML as a transformative tool in prenatal care and prevention 
strategies [8,10,11].

Deep Learning Architecture
Recent advancements in ML have given rise to more sophisticated 
and efficient computational methodologies, among which deep 
learning stands out as a transformative development. Deep Learning 
represents a specialised branch of ML that leverages multilayer 
artificial neural networks to model complex, high dimensional data 
[12]. It has also revolutionised various fields, particularly computer 
vision, and natural language processing by significantly enhancing 
the performance of tasks that require advanced pattern recognition. 
Key architectures within deep learning such as Convolutional Neural 
networks (CNNs) and Recurrent Neural Networks (RNNs) have 
enabled the effective processing of structured and unstructured data 

[Table/Fig-2]:	 Systemic impact of PE: PE affects multiple organ systems, caus-
ing maternal complications such as hypertension, kidney dysfunction, stroke and 
anaemia along with foetal risks including growth restriction and preterm birth (Image 
created by the authors using Napkin AI based on literature derived concepts).

[Table/Fig-3]:	 Overview of the three main types in Machine Learning paradigms: 
Supervised, unsupervised, and reinforcement learning (Image created by the 
authors using Napkin AI based on literature derived concepts).
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[21]. As the volume and variety of healthcare data increase ML 
it offers scalable and adaptive solutions that enhance diagnostic 
precision, optimise patient outcomes and support evidence-
based decision making prenatal care. Early identification of at-
risk individuals enables connections to intervene during the initial 
stages of pregnancy. Therefore improving both maternal and foetal 
outcomes, ML based models demonstrate a superior capacity to 
identify vulnerable patients [22]. By analysing large volumes of clinical 
demographic and biochemical data to prove collected during early 
gestation [22,23]. Unlike conventional risk assessment methods, 
which are limited to a narrow set of known risk factors such as 
high BP, proteinuria, previous history of PE, obesity, diabetes and 
maternal age, ML algorithms can detect complex non obvious 
patterns associated with disease progression. One key benefit of 
this early detection is the opportunity to initiate evidence-based 
preventive measures [24]. For instance, low dose aspirin before 
16 weeks reduces PE risk in women identified through traditional 
screening, which relies on key maternal risk factors such as PE, 
chronic hypertension, diabetes, renal or autoimmune disease, 
multifoetal gestation, obesity, advanced age, and nulliparity and 
basic early pregnancy tools like maternal history assessment, mean 
arterial pressure and uterine artery doppler [24]. ML models that 
integrate maternal history, biophysical and biochemical indicators 
enable more precise risk stratification and improved identification 
of candidates for such interventions [23]. This targeted approach 
enhances this efficient clinical decision-making. Supporting the 
development of a personalised treatment plan, moreover, early 
interventions strategies such as Aspirin therapy not only improve 
maternal and neonatal outcomes also help to reduce the burden 
on theme healthcare systems, preventing complications like 
preterm birth, severe hypertension and organ dysfunction [25]. The 
continued advancement of ML techniques is reshaping obstetric 
care by improving early diagnosis, strengthening risk management, 
and supporting more proactive, personalised models of maternal 
health [24,25].

Personalised Risk Assessment using ML in Maternal 
Healthcare
The ML has revolutionised risk evaluation by shifting from standard 
models to individualised predictions. Unlike traditional methods, 
ML algorithms integrate genetic, clinical, and demographic data, to 
generate more precise risk assessment [26]. In maternal healthcare, 
ML models excel at identifying complications like PE by analysing 
complex risk factors, enabling targeted monitoring and interventions 
[27]. Personalised prenatal care including lifestyle changes and 
low dose aspirin can reduce complications severity and improve 
outcomes. ML driven assessments also enhance the healthcare 
efficiency by optimising resources and reducing unnecessary 
procedures. Future progress depends on collaboration between 
healthcare professionals and data scientists to refine models improve 
detection and support better pregnancy outcomes [26,27].

ML Models for PE Prediction
Recent ML advances show promise in early PE detection, improving 
maternal and neonatal outcomes; several studies report strong 
predictive performance. Here, recent studies are highlighted that 
use the ML models in PE prediction [Table/Fig-4] [28-41].

Zhang X et al., conducted a retrospective study at West China 
Second University Hospital, leveraging ML to identify early 
biomarkers of severe PE between 8th to 20th weeks of gestation 
[28]. Their dataset encompassed blood test results from 19,653 
pregnant individuals collected between 2017 and 2019. From 
this cohort, 248 subjects were selected, 124 diagnosed with 
severe PE, and 124 matched controls based on demographic 
characteristics, the researchers applied a Light Gradient Boosting 
machine (GBM) and two additional ML models to analyse 43 blood 
based variables using 35% of the data set for internal validation, 
the light GBM model outperformed the others, achieving an area 
under the receiver operating characteristic curve, AUC of 89.74% 
with a sensitivity of 88.37% and specificity of 77.27%. Key 
predictive biomarkers identified, including direct bilirubin, aspartate 

Author Work done ML Models used Key data/Features Highlights

Zhang X et al., [28]
Early detection of severe 
PE using blood indices 
from 19,653 patients

Light Gradient Boosting 
machine, DT, RF

Haematological markers
Achieved strong performance in identifying severe 
PE

Marić  I et al., [29]
Screening tool using routine 
prenatal data (16,370 births)

Gradient boosting, elastic 
net

Clinical visit data Efficient early risk stratification

Liu M et al., [30]
PE prediction from clinical/lab data 
(11,152 patients)

LR, DNN, SVM, RF, DT 18 clinical variables RF achieved best results (AUC 0.86)

Li YX et al., [31] PE risk model from 3,759 cases
RF, LR, SVM, Extreme 
Gradient Boosting 
(XGBoost)

Clinical parameters XGBoost yielded AUC of 0.955

Marin I et al., [32]
Smart bracelet-based monitoring 
with mobile app

Viterbi, HMM BP, age, weight Accuracy: 80%, Sensitivity: 92.5%

Schmidt LJ et al., [33]
Biomarker and sonographic-based 
PE prediction (1,647 patients)

RF, Gradient Boosted 
Trees

PIGF, sFlt-1, ultrasound Strong model interpretability using 10-fold CV

Liu L et al., [34] Multicentre validation of wearables Random Forest, LSTM HR, BP, activity and SpO2 AUC 0.89; 78% fewer visits; r=0.91 BP correlation

Sufriyana H et al., [35]
Prediction using Doppler and 
biomarker data

Regression-based Model
sFlt-1, Placental Growth 
Factor (PLGF), Doppler

AUC 0.97, Sensitivity 95%

Edvinsson C et al., [36]
Severe PE risk modeling (81 
patients)

Logistic Regression (LR) BMI, uric acid, ASAT AUC 0.91, Accuracy 88%

Kovacheva VP et al. [37] Genomic+EHR fusion for PE risk LR, XGBoost
Polygenic Risk Scores 
(PRS)

AUC 0.91 (late pregnancy)

Wesson JL and Smith 
N [38]

South African population-based 
model

LR, Gradient Boosting BP, BMI, diabetes, age Effective in early prediction context

Serra B et al., [39]
First-trimester PE screening (6,893 
pregnancies)

Gaussian model
PGF, MAP, PI, maternal 
data

AUC 0.96, false positive rate 5-10%

Melinte-Popescu AS et 
al., [40]

Prospective study of 233 women
DT, Naive Bayes, SVM, 
RF

Biomarkers, ultrasound, 
maternal risk

DT had 94.1% accuracy for early-onset PE

Jhee JH et al., [41]
Late-onset PE prediction (11,006 
cases)

LR, DT, NB, SVM, RF, 
SGB

BP, BUN, creatinine, 
platelets

SGB model: 97.3% accuracy, FPR 0.9%

[Table/Fig-4]:	 A review of key studies 2019-2024.
DT: Decision tree; RF: Random forest; LR: Logistic regression; DNN: Deep neural network; SVM: Support vector machine; HMM: Hidden markov model; SGB: Stochastic gradient boosting
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aminotransferase, and activated partial thromboplastin time ratio. 
These findings underscore the potential of ML to facilitate rapid 
and accurate prediction of severe PE to routine blood biomarkers 
supporting earlier clinical intervention. However, the authors noted 
the external validation using larger and more diverse population 
is essential to enhance the model’s generalisability and clinical 
applicability [28]. Similarly, another pivotal study by researchers at 
Lucile packard children hospital explored ML driven approaches 
to identify predictors of early onset PE using Electronic Medical 
Records (EMRs) [29]. The study analysed 16,370 pregnancy cases 
between April 2014 and January 2018, integrating 67 features, 
including patient demographics, obstetrics history, clinical lab results 
and treatment records. The auto developed models using gradient 
boosting and elastic net regularisation techniques. With an AUC of 
0.79, a false positive rate of 8.1%, and a sensitivity of 45.2%, the 
elastic net model performed the best overall. Interestingly, the early 
onset PE subgroup, which comprised 98 patients, about 1.9% of 
the entire cohort, produced an AUC of 0.89, or (95% CI: 0.84-0.95), 
a true positive rate of 72.3%, and an FPR of 8.8%. These results 
highlight the enhanced predictive potential of ML when applied to 
structured EMR data, especially in identifying high-risk individuals 
early in pregnancy. The study concluded that Integrating ML models 
into prenatal screening workflows could facilitate earlier diagnosis 
and allow for the implementation of personalised surveillance and 
preventive care strategies. Nevertheless, the author stresses the 
importance of validating their models across different geographic 
and demographic populations to ensure robustness and fairness 
in diverse clinical environments. Together these studies exemplify 
how ML methodologies can uncover complex associations among 
clinical variables that might be overlooked by conventional statistical 
tools by improving the accuracy of early PE prediction. ML not only 
empowers screening with timely insights, but also provides a shift 
towards personalised and proactive maternal healthcare [29].

A Laboratory Database Models
The ML models leveraging clinical and laboratory data have shown 
promising results in predicting PE, especially when applied to enlarge, 
real world patient data sets. These models are particularly valuable 
due to their ability to analyse routinely collected clinical variables 
and offer scalable diagnostic solutions. Liu M et al., developed a  
PE prediction framework using healthcare records from 11,152  
pregnant individuals treated at Jinan university hospital between  
December 2015 to September 2019, their data set included  143 
confirmed PE cases, 95 gestational hypertension cases and  10,914 
on for normotensive pregnancies [30]. Models SVM, LR, DNN, DT, 
and RF. Among these, the RF model showed the best performance 
achieving an Area Under the Receiver Operating Characteristic 
Curve (AUROC) of 0.86 predictive performance with the accuracy 
of 74% recall of 42% precision of 82%, an area under the receiver 
operating characteristic curve, AUC of 0.86, and a brier score of 
0.17, these results underscore the potential RF models in effectively 
utilising standard clinical data for PE risk stratification [30]. [Table/
Fig-5] shows representative machine learning algorithms.

In another study, Li YX et al., applied a suite of ML models-RF, SVM, LR, 
and Extreme Gradient Boosting (XGBoost)- to predict PE using clinical 
data from 3,759 pregnant patients at Xinhua Hospital between July 
2016 and December 2019 [31]. Among the tested models, XGBoost 
exhibited the highest predictive accuracy, by achieving an AUC of 
0.955, an F1-score of 0.571, recall of 78.9%, precision of 44.7%, and 
an overall accuracy of 92%. The authors emphasised the significance 
of feature important analysis in identifying critical predictors of PE, 
which can enhance model interpretability and clinical utility [32]. These 
findings demonstrate how well ML models- particularly ensemble 
approaches like XGBoost and RF- predict PE based on clinical and 
laboratory data, allowing for the early detection of pregnancies at risk 
and facilitating their inclusion into standard care.

Wearable Technology and Remote Monitoring
Integrating wearable devices with ML enables real time, remote 
monitoring of maternal health improving early PE detection and 
enhancing traditional settings Marin I et al., conducted a study 
utilising the viterbi ML algorithms, which is grounded in Hidden 
Markov Model (HMM) principles to evaluate the effectiveness of 
wearable technology in predicting PE [32]. The study involved 105 
pregnant participants who wore an i-bracelet device designed 
to measure and transmit BP data via Bluetooth to a mobile 
application. This application processed, achieving an accuracy of 
80%, a sensitivity of 92.5%, and a specificity of 72%. These results 
underscore the utility of combining monitoring of PE risk. Such 
system can offer proactive alerts and facilitate timely intervention, 
especially in resource-limited settings or for patients with restricted 
access to frequent in clinic visits [33]. Wearables with ML capabilities 
have the potential to revolutionise prenatal care by enabling remote, 
customised risk assessment; however, further data and broader 
validation are required to bolster these models.

Biomarkers and Sonographic Measurements based 
Models
Recent advances in PE prediction show that biomarkers and 
sonographic measurements improve the accuracy of ML models, 
enabling precise risk stratification by combining biochemical and 
imaging data.

Schmidt LJ et al., conducted a comprehensive study using 2472 
clinical samples obtained from 1,647 pregnant women at the charite 
universitatsmedisin Obstetrics, department spanning July 2010 to 
March 2019 [33]. The data set included 114 clinical features notably, 
the biomarkers PIGF and soluble fms like tyrosine kinase 1 along with 
first and second trimester samples primarily between 11th to 22nd 
weeks of gestation. In conjunction with sonographic measurements to 
analyse, this high dimensional data set the researchers Employed RF 
classifiers and gradient boosted trees, performance evaluation was 
carried out through a robust methodology, 10 fold cross validation 
on a 10 × 10 data split. The study demonstrated that integrating 
biomarkers and ultrasound data significantly enhanced the ability 
to predict high-risk pregnancies, requiring clinical interventions 
underscoring the diagnostic utility of these features [33].

Doppler Measurements and Clinical Risk Factors
Doppler ultrasound assessment, when combined with maternal 
clinical risk factors and biochemical markers, significantly 
enhances the predictive performance of ML models in detecting 

[Table/Fig-5]:	 Representative Machine Learning (ML) algorithms. ML encompasses 
supervised, unsupervised, and reinforcement learning approaches. These paradigms 
enable tasks such as prediction, pattern recognition, and decision-making, with broad 
applications in healthcare, including preeclampsia risk modelling. (Image created by 
the authors using Napkin AI, based on concepts derived from the literature).
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PE. These models offer a non invasive, data rich approach to 
improving the identification of at risk pregnancies. Sufriyana H et 
al., developed an advanced ML prediction model, incorporating 
maternal characteristics uterine doppler measurements and 
angiogenic biomarkers such as soluble fms-like tyrosine kinase I 
and Placental Growth Factor (PLGF) measured between 24 and 37 
weeks of gestation the model developed using the weka software 
[35]. Suite underwent 10 fold cross validation and demonstrated 
strong predictive capabilities with an Area Under the Curve (AUC) 
of 0.97. It achieved 100% specificity and 95% sensitivity with a 
mature correlation coefficient of 0.93, these findings underscore the 
substantial value of Doppler metrics and biomarker integration in 
identifying pregnancies at high risk for PE [35].

In a related study, Edvinsson C et al., constructed a ML model that 
integrated worth standard clinical indicators and routine biomarkers 
collected during mid-pregnancy between 20th to 28th weeks of 
gestation among a cohort of 81, pregnant patients, including 41 
cases of severe PE [36]. Key predictors, identified in this model 
were Body Mass Index (BMI), serum uric acid and aspartate 
aminotransferase, the cross validated model achieved an AUC of 
0.91 and an overall accuracy of 88%. This study confirmed that 
even commonly measured clinical parameters can serve as powerful 
predictors when leveraged through ML algorithms [36].

Genomic Data and Electronic Health Records 
Integration
Integrating genomic data with electronic health records offers a 
promising approach to enhancing personalised risk stratification of 
PE. Kovacheva VP et al., conducted a study involving 1,125 pregnant 
women who delivered at Mass General Brigham Hospital between 
May 2015 and May 2022 [37]. Their research utilised both LR and 
eXtreme Gradient boosting (XGBoost) algorithms to predict PE risk 
by analysing Polygenic Risk Scores (PRS) derived from systolic BP 
related genetic variants. XGBoost models applied to first trimester 
laboratory data (between 11th to 13+6 weeks of gestation) achieved 
an AUC of 0.74, While models applied to later pregnancy stages ( 
≥20 weeks) reached an AUC of 0.91. These results demonstrated that 
integrating genetic testing with longitudinal clinical data from EHRs can 
significantly improve PE risk prediction accuracy. The study highlights 
the feasibility of developing individualised PE screening tools that 
combine genetic predisposition, with dynamic clinical variables [37].

Demographic and Maternal Health Characteristics
Demographic data and maternal health history remain fundamental 
to PE risk assessments, especially in regions where access to 
advanced biomarker and genomic testing maybe limited. Wesson 
JL and Smith N investigated the prediction of PE within the South 
African obstetrics population, the study identified eight key predictors, 
systolic and diastolic pressure, maternal age, BMI, diabetes history 
of hypertension, nulliparity, and pre-existing maternal disease 
[38]. ML models trained on this dataset showed strong predictive 
performance, particularly when used during early pregnancy (before 
20th weeks of gestation), the finding underscored the importance of 
region specific model development and the inclusion of a localised 
epidemiological data in pe risk prediction strategies [38].

In another large scale study, Serra B et al., developed a multivariate 
Gaussian distribution model integrating maternal risk factors, mean 
arterial pressure, uterine artery pulsatility index, and PlGF to predict 
early onset PE [39]. The analysis was conducted on data from 6893 
Singleton pregnancy collected during first trimester screening (11th 
to 13th weeks of gestation), the model achieved an AUC of 0.96 and 
detected 59% of early onset PE cases at a 5% false positive rate and 
94% at a 10% false positive rate. These results provide compelling 
evidence that routine PE screening protocols should incorporate 
placental biomarkers alongside standard material assessment to 
enhance early detection and intervention planning [39].

Subtype Specific Prediction Models and Clinical 
Applications
A prospective study by Melinte-Popescu AS et al., examined 233 
Romanian pregnant women to forecast PE ultrasound assessment 
and clinical subtypes using ML algorithms, the researchers integrated 
data from system maternal risk profiles, ultrasound assessments and 
serum biomarker collected during the second trimester (between 20th 
to 28th weeks of gestation) analysis to train multiple predictive models 
among the evaluated methods, the DT algorithm achieved a notable 
94.1% accuracy in predicting early onset, PE in additional the RF and 
naive bayes classifiers demonstrated high overall performance across 
all PE subtypes [40]. This study underscores the clinical value of ML 
based screening frameworks that incorporate paraclinical elements 
to enhance predictive capabilities for PE and its variants [40].

Jhee JH et al., extended this approach by focusing on the prediction 
of late onset PE using data from 11,006 pregnant women treated 
at Yongsan university hospital. This was a retrospective study in 
which clinical and laboratory data from routine antenatal visits 
were analysed. The cohort included women who later developed 
late onset PE as a case group (between 20th to 28th weeks) and 
normotensive pregnancies as a comparative control group, allowing 
the performance, 97.3% accuracy and maintained a low false 
positive rate of 0.9%. Key predictive variables included systolic BP, 
blood urea, nitrogen reaction, platelet count and urinary protein 
levels factors commonly available in standard clinical practice. 
These findings support the feasibility of deploying robust ML Models 
in real world clinical settings to identify patients at risk for late-onset 
PE enabling earlier and more targeted interventions [41].

This review highlights the growing potential of ML in predicting PE, 
demonstrating its ability to integrate diverse data sources, clinical 
biochemical and genomic imaging to build robust predictive models, 
ensemble algorithms such as RF, gradient boosting, and XG boost 
have consistently shown strong predictive accuracy underscoring 
the capacity to handle complex high dimensional healthcare data. 
However, the generalisability of models across different populations 
is still limited, highlighting the need for large-scale multicentric 
validation studies.

CONCLUSION(S)
The ML models show strong promise in early PE prediction before 
20th weeks of gestation using clinical, laboratory, biomarker, 
genetic and demographic data. Algorithms like RF, XGBoost, 
LightGBM consistently deliver high accuracy. Innovation such as 
wearable devices and genomic integration expand opportunities 
for personalised, real-time monitoring. Preprocessing strategies, 
including normalisation and outlier detection improve the 
model reliability. Despite these advances, challenges remain in 
generalisability and clinical adoption. Future work should emphasise 
external validation, interpretability and seamless integration into 
healthcare workflows with continued progress. ML based tools can 
significantly improve maternal and foetal outcomes through timely, 
accurate and personalised PE risk assessment.
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