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ABSTRACT 
 

Preeclampsia remains a leading cause of maternal and perinatal morbidity and mortality globally. Accurate and early 
prediction is crucial for timely intervention and improved outcomes. Machine learning (ML) has emerged as a promising 
approach for identifying individuals at high risk of developing preeclampsia by leveraging complex patterns within 
diverse datasets. However, translating promising ML research models into effective, reliable, and scalable clinical 
deployment presents significant challenges. This article reviews the current landscape of machine learning applications 
in preeclampsia prediction, focusing on identified deployment patterns and key predictive features. We synthesize 
findings from recent literature, discussing commonly employed ML algorithms, the types of data and features utilized 
(including maternal characteristics, biomarkers, and clinical history), and the reported predictive performance. Crucially, 
we examine the challenges and considerations related to the practical implementation of these models within healthcare 
systems, including data quality, model interpretability, integration into clinical workflows, and the necessity of robust 
MLOps practices. This review highlights the critical need to address deployment-related aspects to ensure that ML models 
for preeclampsia prediction can move beyond research settings and achieve real-world clinical impact, ultimately 
contributing to improved maternal health outcomes. 
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INTRODUCTION 

Preeclampsia, a hypertensive disorder of pregnancy, is a 

major global health concern, contributing significantly to 

adverse maternal and perinatal outcomes, including 

preterm birth, fetal growth restriction, placental 

abruption, and maternal organ failure [1, 2]. Affecting 

approximately 2-8% of pregnancies worldwide, its 

unpredictable onset and rapid progression necessitate 

effective strategies for early identification and risk 

stratification [1, 2]. Current clinical approaches to 

preeclampsia risk assessment often rely on maternal 

history and basic clinical factors, which have limited 

predictive accuracy, particularly for late-onset 

preeclampsia [4, 30]. While interventions like low-dose 

aspirin have shown efficacy in preventing preterm 

preeclampsia in high-risk women, identifying these 

individuals accurately remains a challenge [3]. 

The increasing availability of large datasets in healthcare, 

including electronic health records, -omics data, and 

wearable device information, coupled with 

advancements in computational power, has fueled 

interest in applying machine learning (ML) techniques to 

complex medical prediction tasks [5, 9]. Machine 

learning models have the capacity to analyze intricate 

relationships within high-dimensional data, potentially 

uncovering subtle patterns that are not apparent through 

traditional statistical methods [34]. Consequently, 

numerous studies have explored the use of ML for 

preeclampsia prediction, employing a variety of 

algorithms and data sources [7, 9, 13, 14, 15, 16, 17, 18, 19, 

20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32]. 

While research has demonstrated promising predictive 

performance in controlled settings, the successful 

translation of these ML models into routine clinical 

practice remains a significant hurdle [5, 9]. The challenges 

extend beyond model development to encompass critical 

aspects of deployment and implementation within 

complex healthcare environments. These include ensuring 

data quality and accessibility [33], integrating models 

seamlessly into existing clinical workflows, maintaining 

model performance over time (considering potential 

concept drift), ensuring model interpretability and 

trustworthiness for clinicians, and addressing ethical and 

regulatory considerations [55, 56, 57]. The gap between 

developing a high-performing model in a research 

environment and deploying it reliably and effectively in a 

clinical setting is substantial [40, 44, 45]. 

This article aims to provide a review of machine learning 

applications in preeclampsia prediction with a specific 

focus on the patterns observed in model deployment and 

the key features identified as predictive. By synthesizing 
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findings from recent systematic reviews and individual 

studies, we seek to highlight the state of the art in model 

development and critically examine the practical 

considerations and challenges associated with 

implementing these models in real-world clinical 

settings. Understanding these deployment patterns and 

key features is crucial for guiding future research and 

development efforts towards creating ML-based 

preeclampsia prediction tools that are not only accurate 

but also clinically viable and impactful. 

2. METHODS 

This review synthesizes information from existing 

literature on machine learning applications for 

preeclampsia prediction, with a specific focus on 

identifying common deployment patterns and key 

predictive features. The methodology employed for this 

review involved searching and analyzing relevant 

publications to extract pertinent information regarding 

model types, features used, reported performance, and 

discussions related to implementation challenges. 

2.1. Literature Search and Selection 

A targeted search of academic databases (such as 

PubMed, IEEE Xplore, and Google Scholar) was 

conducted using keywords such as "preeclampsia," 

"machine learning," "prediction," "forecasting," "artificial 

intelligence," "deployment," "implementation," 

"features," and "biomarkers." The search focused on 

publications from recent years to capture the most up-to-

date advancements in the field. While a formal systematic 

review with strict inclusion/exclusion criteria and 

quality assessment tools like PROBAST [12] was not 

performed for this article, the selection process 

prioritized systematic reviews [7, 8, 9], meta-analyses 

[3], and individual studies that provided detailed 

information on model development, features, and, 

ideally, discussions on implementation or validation in 

different cohorts [15, 16, 18, 19, 20, 24, 25, 26, 27, 28, 31, 

32]. Publications focusing solely on biological 

mechanisms without predictive modeling were generally 

excluded. 

2.2. Data Extraction 

Information extracted from the selected literature 

included: 

• Type of Machine Learning Model(s) used (e.g., 

logistic regression, support vector machines, random 

forests, neural networks, Bayesian networks). 

• Types of Features used for prediction (e.g., 

maternal demographics, medical history, clinical 

measurements like blood pressure [38, 39], laboratory 

biomarkers, ultrasound parameters). 

• Timing of Prediction (e.g., first trimester, second 

trimester, dynamic prediction throughout pregnancy). 

• Reported Predictive Performance Metrics (e.g., 

Accuracy, Area Under the Receiver Operating 

Characteristic Curve (AUC), sensitivity, specificity). 

• Discussions on Model Validation (internal, 

external) and Implementation Challenges. 

• Mentions of Deployment Strategies or 

Infrastructure (though expected to be limited in research 

papers). 

2.3. Synthesis and Analysis 

The extracted data were synthesized to identify recurring 

patterns in the types of ML models and features commonly 

employed for preeclampsia prediction. The reported 

performance metrics were reviewed to understand the 

general state of predictive accuracy in the field. A critical 

analysis was conducted to identify common themes and 

challenges related to the deployment and implementation 

of these models in clinical settings, drawing upon 

discussions within the selected papers and general 

knowledge of deploying ML systems in healthcare [40, 41, 

42, 44, 45, 46, 47, 52]. The review also considered the 

importance of data quality [33], model interpretability [16, 

58, 59], and ethical considerations [55, 56, 57] as crucial 

aspects influencing deployment. 

2.4. Focus on Deployment Patterns 

Given the title's emphasis, particular attention was paid to 

any mention of how models were intended to be used 

clinically, challenges encountered during real-world 

testing or validation, or discussions about the 

infrastructure and processes required for operationalizing 

these models (even if these mentions were brief or 

conceptual). This included looking for discussions related 

to: 

• Integration with Electronic Health Records (EHRs). 

• Requirements for real-time or near real-time 

prediction. 

• Strategies for model updates and maintenance 

(MLOps concepts) [41, 42, 44, 45, 46, 47, 52]. 

• Challenges in diverse patient populations or 

different healthcare settings. 

This methodological approach, while not a full systematic 

review, allowed for a focused synthesis of the literature to 

address the specific objectives of identifying deployment 

patterns and key features in ML-based preeclampsia 

prediction. 

3. RESULTS 

The review of the literature on machine learning for 

preeclampsia prediction revealed several common 

patterns in model development and identified key features 

frequently associated with predictive performance. While 

comprehensive details on clinical deployment 

infrastructure were often limited in research publications, 

recurring themes regarding implementation challenges 
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and necessary considerations emerged. 

3.1. Commonly Employed Machine Learning Models 

A variety of machine learning algorithms have been 

applied to preeclampsia prediction. Frequently 

encountered models include: 

• Logistic Regression: Often used as a baseline due 

to its interpretability and simplicity [34, 37]. 

• Support Vector Machines (SVM): Popular for their 

ability to handle high-dimensional data. 

• Random Forests and Gradient Boosting Machines: 

Ensemble methods known for their robustness and good 

performance [11]. Adaptive variants of these models 

have also been explored in data stream contexts, which 

could be relevant for continuous monitoring [9, 10, 11]. 

• Neural Networks (including Deep Learning): 

Increasingly used, particularly for complex datasets, 

though often considered "black box" models [19, 21, 22, 

23, 25]. Imbalance-aware neural networks have been 

developed to address the class imbalance inherent in 

preeclampsia data [22]. 

• Bayesian Networks: Provide probabilistic 

predictions and can offer some level of interpretability 

[13]. 

• Decision Trees and Model Trees: Offer 

interpretability and can be adapted for streaming data 

[16, 17, 18]. 

Many studies compare the performance of multiple 

algorithms on the same dataset [7, 9, 27, 28], and 

ensemble techniques are often found to achieve state-of-

the-art results [9, 11]. 

3.2. Key Predictive Features 

The literature consistently highlights several types of 

features as important predictors of preeclampsia: 

• Maternal Characteristics: Age, parity (number of 

previous pregnancies), body mass index (BMI), ethnicity 

[21], and medical history (e.g., chronic hypertension, 

diabetes, previous preeclampsia) are fundamental 

predictors included in almost all models [4, 6, 15, 26, 29, 

30, 31, 32]. 

• Biomarkers: Biochemical markers, particularly 

those measured in the first trimester, such as Placental 

Growth Factor (PlGF) and soluble fms-like tyrosine 

kinase-1 (sFlt-1), are strong predictors, especially when 

combined with other factors [4, 6, 26]. Other biomarkers 

related to angiogenesis and inflammation are also 

explored. 

• Clinical Measurements: Mean arterial pressure 

(MAP) in early pregnancy is a crucial predictor [4, 6, 26]. 

Changes in blood pressure throughout pregnancy are 

also highly informative [38, 39]. Uterine artery Doppler 

pulsatility index (UtAD-PI) is another important clinical 

measurement [4, 6, 26]. 

• Clinical History: Specific details from previous 

pregnancies, family history of preeclampsia, and pre-

existing medical conditions contribute significantly to risk 

assessment [4, 6, 15, 26, 29, 30, 31, 32]. 

Combinations of these features, particularly maternal 

factors, biomarkers, and UtAD-PI in the first trimester, 

form the basis of many high-performing prediction models 

[4, 6, 26]. Some studies explore the use of "zero-cost" 

predictors derived solely from maternal characteristics to 

improve accessibility [29]. 

3.3. Reported Predictive Performance 

Reported predictive performance varies widely across 

studies due to differences in datasets, features used, 

algorithms, and evaluation methodologies [7, 8, 9]. 

However, many recent ML models, particularly those using 

combinations of maternal factors and biomarkers in the 

first trimester, report AUC values ranging from 

approximately 0.8 to over 0.9 for predicting preterm 

preeclampsia [4, 6, 15, 26, 27]. Prediction of late-onset 

preeclampsia generally shows lower performance [31]. 

External validation on independent cohorts is crucial but 

often reveals a drop in performance compared to internal 

validation, highlighting challenges in generalizability [20, 

24, 25]. Leaderboards and systematic evaluation 

frameworks are needed to provide a clearer picture of 

comparative performance across different models and 

datasets [35, 36]. 

3.4. Deployment Patterns and Challenges 

While explicit descriptions of clinical deployment 

infrastructure are rare in the reviewed literature, several 

patterns and challenges related to implementation are 

consistently discussed: 

• Research Prototype Focus: The vast majority of 

studies present models as research prototypes validated 

on historical datasets. The focus is primarily on 

demonstrating predictive accuracy rather than addressing 

the complexities of real-world deployment. 

• Data Quality and Accessibility: A major challenge is 

obtaining high-quality, standardized data from diverse 

clinical sources [33]. Data heterogeneity, missing values, 

and the lack of interoperability between different 

electronic health record (EHR) systems hinder model 

development and deployment. 

• Integration into Clinical Workflow: Seamless 

integration of ML prediction tools into existing clinical 

workflows is critical for adoption. Clinicians need user-

friendly interfaces that provide timely and actionable risk 

assessments without disrupting their routines. This 

requires careful consideration of the human-computer 

interaction aspects [5]. 

• Model Interpretability: Clinicians often require 

interpretable models to understand the rationale behind a 
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prediction and build trust in the system [16, 58, 59]. 

"Black box" models like deep neural networks can face 

resistance in clinical settings. Efforts towards explainable 

AI (XAI) are relevant here [58, 59]. 

• Scalability and Infrastructure: Deploying ML 

models to handle predictions for a large number of 

pregnancies in real-time requires robust and scalable 

infrastructure [43, 50, 51]. Cloud-based platforms and 

MLOps practices are essential for managing the model 

lifecycle, including training, deployment, monitoring, and 

updates [41, 42, 44, 45, 46, 47, 52]. Challenges related to 

technical debt in ML systems are significant in this 

context [40]. 

• Model Maintenance and Concept Drift: 

Preeclampsia risk factors or their relationships might 

subtly change over time or vary across different 

populations [8]. Deployed models require continuous 

monitoring of performance and periodic retraining or 

updates to adapt to potential concept drift [41, 42, 44, 45, 

46, 47, 52]. 

• Ethical and Regulatory Considerations: Deploying 

AI in healthcare raises significant ethical concerns, 

including bias in predictions across different 

demographic groups, data privacy (e.g., GDPR 

compliance) [49, 55], accountability for errors, and 

ensuring equitable access to the technology [55, 56, 57]. 

Regulatory frameworks for medical AI are still evolving. 

• Validation in Diverse Populations: Models 

developed and validated on specific populations may not 

generalize well to others [20, 24, 25]. Prospective 

external validation on diverse cohorts is crucial before 

widespread deployment. 

These results indicate that while ML research in 

preeclampsia prediction is advancing, significant work is 

needed to address the practicalities of deploying these 

models effectively and responsibly in clinical practice. 

4. Discussion and Conclusion 

The application of machine learning to preeclampsia 

prediction holds immense promise for improving 

maternal and neonatal outcomes by enabling earlier and 

more accurate risk stratification [5, 7, 9]. The review of 

the literature highlights the diversity of ML models 

explored and the consistent identification of key 

predictive features, including maternal characteristics, 

biomarkers, and clinical measurements [4, 6, 15, 26, 29, 

30, 31, 38, 39]. While reported predictive performance in 

research settings is often encouraging, the translation of 

these models into widespread clinical use is hampered by 

significant deployment and implementation challenges. 

A major finding of this review is the prevalent focus on 

research-stage model development, with limited detailed 

reporting or analysis of real-world deployment 

strategies. This gap between model development and 

clinical implementation is a critical barrier to realizing 

the full potential of ML in preeclampsia prediction. 

Challenges related to data quality and accessibility within 

heterogeneous healthcare systems are fundamental and 

require standardized data collection methodologies and 

interoperability solutions [33, 54]. 

Furthermore, the successful integration of ML models into 

existing clinical workflows necessitates user-centric 

design and a focus on providing interpretable insights to 

clinicians [5, 16, 58, 59]. Black-box models, despite 

potentially high accuracy, may face resistance if clinicians 

cannot understand the basis for a prediction. The ethical 

implications, including algorithmic bias and data privacy, 

must be proactively addressed throughout the 

development and deployment lifecycle to ensure equitable 

and trustworthy AI systems [49, 55, 56, 57]. Frameworks 

for responsible AI in health are crucial in this regard [55, 

56]. 

The need for robust MLOps practices is paramount for 

maintaining the performance and reliability of deployed 

models over time [41, 42, 44, 45, 46, 47, 52]. Continuous 

monitoring of model performance, mechanisms for 

detecting and adapting to concept drift [8], and 

streamlined processes for model updates are essential for 

ensuring that predictions remain accurate as underlying 

patterns evolve or new data becomes available. 

Addressing technical debt early in the development 

process is also vital for long-term maintainability and 

scalability [40]. 

Future research should shift focus from solely 

demonstrating predictive accuracy on historical datasets 

to addressing the practicalities of clinical deployment. This 

includes: 

• Developing and validating models on large, diverse, 

and prospective datasets from multiple centers to assess 

generalizability [20, 24, 25]. 

• Focusing on the development of interpretable ML 

models or integrating explainability techniques (XAI) to 

build clinician trust [16, 58, 59]. 

• Designing and evaluating user interfaces that 

seamlessly integrate ML predictions into clinical 

workflows. 

• Establishing robust MLOps pipelines for 

continuous monitoring, evaluation, and updating of 

deployed models [41, 42, 44, 45, 46, 47, 52]. 

• Collaborating closely with clinicians, patients, and 

policymakers to ensure that deployed solutions meet real-

world needs and ethical standards [55, 56, 57]. 

• Exploring the use of multimodal data, including 

genetic information [15], environmental factors, and data 

from wearable devices, to further enhance predictive 

accuracy. 

In conclusion, machine learning holds significant potential 

for transforming preeclampsia prediction. However, 
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realizing this potential requires a concerted effort to 

move beyond research prototypes and address the 

multifaceted challenges of clinical deployment. By 

focusing on robust implementation strategies, ensuring 

data quality, prioritizing interpretability and ethical 

considerations, and adopting MLOps practices, the field 

can pave the way for ML-based preeclampsia prediction 

tools that truly make a difference in maternal healthcare, 

contributing to a reduction in the global burden of this 

serious condition. 
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