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Abstract: Preeclampsia is a serious condition that can endanger the lives of both pregnant women and their babies, and it often 

remains unnoticed until it reaches a critical stage. Its complex underlying causes and varied, unpredictable symptoms make early 

detection challenging, particularly in healthcare settings where medical resources are scarce. This study presents a machine learning–

based approach to improve early detection of preeclampsia using a synthetic dataset of 1,853 maternal records. The dataset includes 

key health indicators such as age, systolic and diastolic blood pressure, blood sugar, BMI, and heart rate, along with important 

biochemical markers like blood creatinine, liver enzymes (AST, ALT), platelet count, and proteinuria. Using a Random Forest 

algorithm for feature selection, systolic and diastolic blood pressure emerged as one of the strongest predictors. Many machine 

learning models were trained, and the most accurate one achieved a prediction accuracy of 91.64%. These results underscore how AI-

based tools can aid in the early identification of risks and assist clinical decision-making within maternal healthcare. This method 

provides a scalable and affordable solution, which is particularly valuable in settings with limited resources. Going forward, further 

research will aim to validate the model using actual clinical datasets and to enhance it by incorporating additional biomarkers, thereby 

increasing its accuracy and dependability. 
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I.INTRODUCTION 

Maternal health remains a key area of public health concern, as complications during pregnancy continue to pose risks to both mothers 
and newborns. Among these complications, preeclampsia is particularly dangerous. It usually develops after 20 weeks of gestation and 
is characterized by high blood pressure and signs of damage to organs such as the liver and kidneys. Globally, it affects 3–8% of 
pregnancies and is one of the primary causes of maternal and neonatal illness and death. Without timely diagnosis and treatment, it can 
progress to severe conditions such as eclampsia, preterm birth, or organ failure. 

Despite progress in antenatal care, detecting preeclampsia early remains difficult because of its multifaceted causes and varying clinical 
signs. Current screening methods rely mostly on blood pressure readings and proteinuria detection, which may not identify the 
condition in its initial stages, particularly in low-resource settings. Recently, the application of machine learning has revealed promise 
in healthcare for analyzing complex datasets to uncover hidden patterns and early risk indicators that traditional methods might miss. 
This capability is particularly useful in maternal health, where combining clinical, physiological, and biochemical data can provide 
better prediction accuracy. 
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Figure 1. Overview of preeclampsia risk in pregnancy and the role of machine learning in early detection. 

Previous research has shown that models such as Random Forest, Support Vector Machines, and neural networks can effectively 
predict maternal health risks by integrating diverse data types. These tools have the potential to improve early diagnosis and enable 
personalised care strategies, ultimately facilitating timely interventions that improve health outcomes.Therefore, this study aims to 
develop a machine learning–based framework for the early prediction of preeclampsia, with the broader goal of supporting safer 
pregnancies and better maternal health outcomes 

 

 

II.LITERATURE REVIEW 

Preeclampsia remains a significant contributor to complications in maternal and neonatal health worldwide, affecting an estimated 2–
8% of pregnant women [1][2]. Due to the limitations of traditional diagnostic methods in providing early detection, researchers have 
increasingly explored advanced analytical approaches such as machine learning to improve predictive accuracy. Recent investigations 
have assessed various machine learning algorithms to enhance the early identification of preeclampsia risk. 

Recent studies have evaluated different machine learning algorithms for preeclampsia prediction. Marin et al. [4] designed a smart 
bracelet system using the Viterbi algorithm to monitor maternal blood pressure, age, and weight, achieving an accuracy of 80% and a 
sensitivity of 92.5%, showing feasibility for wearable-based real-time monitoring. In a systematic review, Ranjbar et al. [1] assessed 
models like Elastic Net, Random Forest, and gradient boosting, reporting AUC values ranging from 0.86 to 0.97, highlighting that 
combining medical history, medication records, and laboratory data enhances performance. 

Similarly, Chen et al. [2] developed ensemble models integrating clinical and lab data, achieving sensitivities between 69–72% and 
specificities around 85%, demonstrating their utility in early screening. Layton et al. [3] emphasized that while machine learning 
models have achieved high accuracy in research settings, their generalizability requires validation on larger and diverse 
datasets.Overall, the findings from these studies indicate that machine learning has strong potential to improve preeclampsia prediction 
by analyzing comprehensive clinical and biochemical data. However, challenges remain, such as small sample sizes, lack of external 
validation, and high computational requirements. This research builds upon these findings by developing a Random Forest-based model 
using a synthetic dataset to create a scalable and practical solution for diverse clinical settings. 

III.METHODOLOGY 

A. Study Design 

This research aimed to develop and evaluate a machine learning–based a prediction model for the early identification of preeclampsia 
using a synthetic dataset simulating real maternal health records. A cross-sectional analytical approach was adopted to design, 
implement, and assess different algorithms systematically. 

 

B. Data Collection 

The dataset used contained 1,853 synthetic records, created to reflect realistic distributions of maternal health parameters while 
avoiding patient privacy concerns. The features included: 

 Demographic data: maternal age (years), BMI (kg/m²) 

 Physiological data: systolic blood pressure (mmHg), diastolic blood pressure (mmHg), blood sugar (mg/dL), heart rate (beats 
per minute) 
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 Biochemical markers: blood creatinine (mg/dL), liver enzymes AST and ALT (U/L), platelet count (cells x10⁹/L), and 
proteinuria (presence and severity). 

The target variable was Risk Level, categorised based on clinical criteria into low, medium, and high risk for preeclampsia. 

 

C. Data Preprocessing 

Preprocessing steps were executed to prepare the data for model training: 

1. Data Cleaning: A thorough check for missing data, outliers, and inconsistencies was performed. Since the dataset was 
synthetic, no missing data imputation was needed; however, for real datasets, median imputation would be used for continuous 
variables and mode imputation for categorical features. 

2. Feature Scaling: Min-Max normalization was applied to all continuous numerical variables to scale them between 0 
and 1, facilitating better convergence of the algorithms. Encoding: Target labels (low, medium, high risk) were encoded into 
numeric values using Label Encoding to enable multi-class classification. 

3. Data Splitting: An 80-20 split was performed on the dataset, ensuring that risk categories remained evenly distributed 
across the training and testing sets. 

 

D. Feature Selection 

A Random Forest-based feature importance analysis was used to identify the most significant predictors. This method calculates the 

contribution of each feature in reducing impurity across all decision trees. Diastolic and systolic blood pressure showed the highest 

importance, followed by blood creatinine, BMI, and blood sugar, aligning with clinical knowledge of preeclampsia risk factors. 

 

E. Model Development 

 To determine the optimal method, multiple machine learning models were created and evaluated. 

 Algorithms tested: 

o Random Forest Classifier 

o Support Vector Machine (SVM) 

o Logistic Regression 

o Gradient Boosting Classifier 

 Hyperparameter Tuning: 

o Grid Search with 5-fold Cross-Validation was employed to optimise parameters such as the number of estimators and 
maximum depth for Random Forest, kernel type and C value for SVM, and learning rate for Gradient Boosting. 

 Implementation tools: All modelling was conducted in Python using Scikit-learn, ensuring reproducibility and scalability. 

 

F. Model Evaluation 

Model performance was assessed on the test set using: 

 Accuracy: Overall correctness of predictions. 

 Precision: Correct positive predictions over all positive predictions. 

 Recall (Sensitivity): Correct positive predictions over all actual positives. 

 F1-Score: Harmonic mean of precision and recall, balancing both metrics. 

 ROC-AUC: Assessed the proficiency of the model in distinguish between risk classes using one-vs-rest strategy for multi-class 
output. 

To evaluate classification performance, confusion matrices were plotted for all models, and ROC curves were generated to represent 
their discriminatory power. 

 

G. Model Deployment Considerations 

The resulting Random Forest model can be integrated into a digital maternal health monitoring platform for use by clinicians or as a 
decision support tool in antenatal care settings. Implementation considerations include: 

 Input integration: Ensuring easy retrieving data from electronic health records (EHR) or manual entry. 
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 Output interpretation: Providing risk probabilities and key contributing features for transparent clinical decisions. 

 Ethical use: Emphasising that the model serves as a support tool rather than a replacement for professional judgment, with user 
training recommended. 

 

H. Ethical Considerations 

As this study utilised a synthetic dataset with no real patient identifiers, ethical clearance was not required. Future extensions involving 
hospital datasets will be carried out with approval from the Institutional Ethics Committee approvals with proper informed consent and 
data protection protocols. 

 

IV.Results and Discussion 

The Random Forest model achieved: 

 Accuracy: 91.64% 

 Precision: 92.1% 

 Recall: 90.8% 

 F1-Score: 91.4% 

 ROC-AUC: 0.95 

These results indicate the model’s high ability to distinguish between high-risk and low-risk pregnancies for preeclampsia. 

 

 

Figure 2. Feature importance values derived from the Random Forest model, highlighting that diastolic and systolic blood pressure 

were the most significant predictors, followed by proteinuria and creatinine. 
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Figure 3. Confusion matrix displaying the distribution of true vs. predicted labels, showing the model’s effectiveness in correctly 

classifying most high-risk and low-risk cases with minimal misclassifications. 

 

 
Figure 4. ROC curve of the Random Forest model, with an AUC of 0.95, demonstrating excellent discriminatory power between 

classes. 

 

Figure 5. Feature correlation heatmap illustrating relationships between input features, indicating that systolic and diastolic blood 

pressure are moderately correlated while other features remain independent predictors. 

 

V.DISCUSSION 

Our outcomes support and extend the conclusions drawn by prior investigations.For instance, Ranjbar et al. [46] reported AUC values 
reaching up to 0.97 when employing ensemble machine learning models, while Chen et al. [47] observed sensitivities ranging from 
70% to 72% alongside specificities exceeding 85% using a combination of clinical and laboratory data. The strong accuracy and AUC 
demonstrated in the current study further validate the capability of machine learning, especially Random Forest algorithms, to integrate 
various maternal health indicators effectively for early prediction of preeclampsia. 

In contrast to conventional screening methods that depend solely on predetermined blood pressure and proteinuria thresholds, this 
machine learning-based strategy provides a more holistic assessment by incorporating additional biochemical and demographic factors. 
Such an approach facilitates earlier identification of at-risk pregnancies, enabling timely interventions like intensified monitoring or 
preventive measures such as administering low-dose aspirin, which has been shown to reduce the likelihood of developing 
preeclampsia when introduced early in gestation. 
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Nevertheless, it is important to note that this analysis was conducted on a synthetic dataset. Although the dataset was designed to mirror 
real-world distributions, validating these findings with actual hospital data remains crucial to ensure the model’s applicability and 
reliability across diverse populations and clinical environments. 

VI. CONCLUSION 

This research highlights the potential of machine learning, specifically Random Forest algorithms, in accurately predicting 
preeclampsia risk during pregnancy. By incorporating demographic, physiological, and biochemical parameters—including blood 
pressure readings, BMI, blood sugar levels, creatinine, liver enzyme concentrations, platelet counts, and proteinuria—the developed 
model achieved an impressive accuracy of 91.64% alongside an AUC of 0.95, indicating robust discriminatory capability. 

Feature importance analysis identified diastolic and systolic blood pressure as the most significant predictors, consistent with 
established clinical insights. In contrast to conventional screening methods that depend solely on fixed clinical cut-offs, this machine 
learning-based approach provides a more comprehensive and scalable solution for early risk evaluation, which is especially beneficial 
in low-resource environments with limited access to advanced diagnostics. 

Nevertheless, it is important to acknowledge that this study employed a synthetic dataset. Future research will prioritise validating the 
model using real-world hospital data to confirm its generalisability and practical utility in clinical settings. Overall, integrating machine 
learning into maternal health surveillance holds promise for enhancing the early detection and management of preeclampsia, thereby 
enabling timely interventions and improving health outcomes for both mothers and newborns globally. 
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