
Kesmas Kesmas 

Volume 20 
Issue 2 May 2025 Article 8 

5-30-2025 

Machine Learning for Preeclampsia Prediction: Enhancing Machine Learning for Preeclampsia Prediction: Enhancing 

Screening in Primary Health Care Screening in Primary Health Care 

Dwirani Amelia 
University of Indonesia, Jakarta, Indonesia, dwiraniamelia@gmail.com 

Asri Adisasmita 
Universitas Indonesia, Depok, aadisasmita@gmail.com 

Kemal N. Siregar 
Universitas Indonesia, Depok, nazarudin.kemal51@gmail.com 

Detty Siti Nurdiati 
Universitas Gadjah Mada, Yogyakarta, detty@ugm.ac.id 

Follow this and additional works at: https://scholarhub.ui.ac.id/kesmas 

 Part of the Clinical Epidemiology Commons, Epidemiology Commons, and the Maternal and Child 

Health Commons 

Recommended Citation Recommended Citation 
Amelia D , Adisasmita A , Siregar KN , et al. Machine Learning for Preeclampsia Prediction: Enhancing 
Screening in Primary Health Care. Kesmas. 2025; 20(2): 147-156 
DOI: 10.7454/kesmas.v20i2.2243 
Available at: https://scholarhub.ui.ac.id/kesmas/vol20/iss2/8 

This Original Article is brought to you for free and open access by the Faculty of Public Health at UI Scholars Hub. It 
has been accepted for inclusion in Kesmas by an authorized editor of UI Scholars Hub. 

https://scholarhub.ui.ac.id/kesmas
https://scholarhub.ui.ac.id/kesmas/vol20
https://scholarhub.ui.ac.id/kesmas/vol20/iss2
https://scholarhub.ui.ac.id/kesmas/vol20/iss2/8
https://scholarhub.ui.ac.id/kesmas?utm_source=scholarhub.ui.ac.id%2Fkesmas%2Fvol20%2Fiss2%2F8&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/815?utm_source=scholarhub.ui.ac.id%2Fkesmas%2Fvol20%2Fiss2%2F8&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/740?utm_source=scholarhub.ui.ac.id%2Fkesmas%2Fvol20%2Fiss2%2F8&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/745?utm_source=scholarhub.ui.ac.id%2Fkesmas%2Fvol20%2Fiss2%2F8&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/745?utm_source=scholarhub.ui.ac.id%2Fkesmas%2Fvol20%2Fiss2%2F8&utm_medium=PDF&utm_campaign=PDFCoverPages
https://scholarhub.ui.ac.id/kesmas/vol20/iss2/8?utm_source=scholarhub.ui.ac.id%2Fkesmas%2Fvol20%2Fiss2%2F8&utm_medium=PDF&utm_campaign=PDFCoverPages


Amelia et al. Kesmas: Jurnal Kesehatan Masyarakat Nasional  
(National Public Health Journal). 2025; 20 (2): 147-156 
DOI: 10.7454/kesmas.v20i2.2243 

Kesmas: Jurnal Kesehatan Masyarakat Nasional 
(National Public Health Journal) 

 

Copyright @ 2025, Kesmas: Jurnal Kesehatan Masyarakat Nasional (National Public Health Journal), p-ISSN: 1907-7505, e-ISSN: 2460-0601. 

Scopus, Web of Science, DOAJ, and SINTA-S1 accredited, https://scholarhub.ui.ac.id/kesmas/ 

Licensed under Creative Commons Attribution-ShareAlike 4.0 International 

Machine Learning for Preeclampsia Prediction:  
Enhancing Screening in Primary Health Care 

  
Dwirani Amelia1,2*, Asri Adisasmita3, Kemal N Siregar4, Detty Siti Nurdiati5 

 
1Doctoral Program, Department of Epidemiology, Faculty of Public Health, Universitas Indonesia, Depok, Indonesia 
2Budi Kemuliaan Health Institute, Jakarta, Indonesia 
3Department of Epidemiology, Faculty of Public Health, Universitas Indonesia, Depok, Indonesia 
4Department of Biostatistics and Population Studies, Faculty of Public Health, Universitas Indonesia, Depok, Indonesia 
5Department of Obstetrics and Gynecology, Faculty of Medicine, Public Health and Nursing, Universitas Gadjah Mada, Dr. Sardjito Hospital, Yogyakarta, Indonesia 

 
Abstract 
Preeclampsia is a leading cause of maternal morbidity and mortality worldwide, with early detection being critical for reducing adverse outcomes. This study 
aimed to develop a machine learning model for predicting the risk of preeclampsia using readily available maternal characteristics such as body mass index, 
mean arterial pressure, and clinical history of hypertension or diabetes mellitus. Secondary data from 2,250 pregnancies were analyzed, addressing challenges 
such as missing data and class imbalance through preprocessing. Various algorithms, including support vector machines, random forest, and logistic 
regression, were evaluated. Herein, a support vector machines model with threshold adjustment showed the best performance, with a sensitivity of 67.5%, 
specificity of 57.23%, and an area under the curve of 0.68. These findings indicated the promising potential of scalable and interpretable prediction models 
for enhancing preeclampsia screening in primary health care settings. However, further refinement and validation of the proposed model are required for 
broader clinical integration to improve maternal and neonatal health outcomes. 
 
Keywords: machine learning, maternal health, preeclampsia prediction, primary care screening 

 
Introduction  

Preeclampsia (PE) is a multifactorial syndrome and a leading cause of maternal morbidity and mortality globally.1 
Pregnancy-induced hypertension causes one-fifth of maternal deaths worldwide, and PE/eclampsia alone is estimated to 
cause 60,000 to 80,000 maternal deaths annually.2,3 PE is characterized by elevated blood pressure and multisystem 
manifestations, and its etiology is poorly understood. The prevalence and incidence of PE vary globally, with the global 
incidence rate of severe PE estimated between 2% and 10% of all pregnancies.4-6 Later evidence showed an increase in 
the incidence of hypertension during pregnancy over time, which included PE.7 

Early detection is critical for preventing the morbidity and mortality associated with PE. Preventive interventions, 
such as low-dose aspirin and calcium supplementation, have been found to reduce adverse outcomes.6,8 As its etiology, 
pathogenesis, and pathophysiology of PE are not fully understood, PE is challenging to predict.6,9,10 Previously, PE 
prediction based on combinations of multiple features has been actively investigated. In a meta-analysis published in 
2015, models based on a combination of maternal characteristics and several biomarkers have been found to exhibit 
better predictive performance than models based on individual biomarkers.11  

The advantages of biochemical and biophysical marker examination with Doppler ultrasound have been 
demonstrated in many studies, but with limited markers practically used in clinical practice.12,13 However, obtaining 
biochemical markers is often expensive, thus limiting their applicability in primary health care (PHC), where women are 
first encountered for antenatal care (ANC). At the same time, models based on several simple features, such as body mass 
index (BMI) and other routinely collected maternal characteristics such as age, ethnicity, parity, history of hypertension, 
and history of PE, have shown promising predictive performance.14-16 
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Machine learning (ML) is a novel approach to PE prediction by analyzing patterns in complex datasets without 

relying on explicit causal mechanisms.17 Previous studies have leveraged prior work, aiming to develop prediction models 
that would be both effective and accessible for primary care.14,16-18 Particularly, a study showed that a model based on 
biophysical (mean uterine artery pulsatility index) and biochemical markers (placental growth factor) is clinically 
superior to a simple feature model, but the difference is not statistically significant.14 

This study aimed to develop an ML model for predicting PE based on readily available limited maternal clinical 
characteristics such as maternal history of primary hypertension and diabetes mellitus (DM), family history of 
hypertension and DM, primigravidity, mean arterial pressure (MAP), BMI, and history of smoking, all of which can be 
gathered in primary care settings. Herein, the authors evaluated the predictive performance (sensitivity, specificity, and 
area under the curve (AUC)) of various models and addressed the challenges associated with applying the developed 
prediction tools in low-resource environments. The concise and practical approach is expected to support early 
surveillance and prevention of PE, improving maternal and neonatal outcomes in PHC. 

 
Method 

This retrospective cohort study used secondary data on 2,250 pregnant women visiting a private Mother and Child 
Hospital and its branch in Jakarta from July 2012 to April 2015. The data were collected from a previous study by Savitry 
et al. from the Julius Center for Health Sciences and Primary Care, Julius Global Health, University Medical Center Utrecht, 
Utrecht, Netherlands.19,20 Anonymous data from routine hospital checks were used; thus, this study was ethically 
approved as nonhuman research. All the 2,250 pregnant women whose data were collected and followed up until 
delivery. This analysis was a part of the Prediction Modeling of PE in Pregnant Women using an ML study conducted by 
the author during the doctorate program at the Faculty of Public Health, Universitas Indonesia, in 2024. 

All the collected data were preprocessed, during which 584 entries were identified as null and 1,028 as duplicates. 
The results of Little’s Missing Completely at Random (MCAR) test (p-value >0.05) showed that all missing data were 
missing completely at random. Thus, all the missing values and duplicates were removed from the dataset, leaving 638 
data entries (Figure 1). The available features are shown in Table 1. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. Flow Chart of Data Preprocessing 

 
Data were collected during routine ANC visits by midwives, including maternal history (hypertension, DM smoking, 

and the family history of hypertension/DM), pre-pregnancy weight, obstetric history (gravida and miscarriage), and 
height (measured at the first ANC visit). Blood pressure was recorded every visit, with mean arterial pressure calculated 
for the first and second trimesters. Pre-pregnancy BMI was calculated from weight (kg) and height (m). PE was defined 
according to the International Society for the Study of Hypertension in Pregnancy (ISSHP) criteria: gestational 
hypertension (≥20 weeks) with ≥1 new-onset condition (proteinuria, organ dysfunction, etc.).1 
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Using Kelsey’s formula, the calculated sample size for each group should be 683 subjects to achieve a statistical 

power of 80%.21 In addition, the rule of 10 or 20 for the number of observations and features was considered. A common 
recommendation is that at least 10 events per predictor should be used to prevent overfitting and ensure robust 
training.22,23 This recommendation on sample size calculation surely requires further refinement through feature 
selection and dimensionality reduction by identifying the best-performing features and generating synthetic data 
because of the lack of systematic validation.24 Based on both considerations, all of the collected 2,250 data entries were 
included in the analysis. 

Data analysis was conducted in Python (permissive open source license version 3.9.7) using the scikit-learn library 
(BSD3 license version 1.5.0) as the primary framework for ML and statistical modeling. The analysis involved several key 
steps, including data preprocessing, feature selection, model selection, resampling (under sampling or oversampling), 
hyperparameter tuning, model evaluation, model implementation, and the interpretation of results.8,16,17 Data 
preprocessing included the handling of missing values, the removal of duplicates, and normalization or standardization 
to ensure comparability across features. Ordinal scaling and one-hot encoding were used for categorical variables. The 
missing mechanism was first investigated when handling the missing data. Specifically, Little’s MCAR test was performed 
to determine whether the missing values were missing completely at random.25 The test showed that the missing data 
were missing completely at random; thus, the missing data were removed. 

Feature selection was performed based on a feature correlation matrix. When the correlation matrix did not 
adequately show a strong association (correlation coefficient <0.3), features were selected using domain knowledge. A 
literature review was conducted to assess the association between the features and the outcome. Several ML algorithms 
were considered herein: support vector machines (SVM), logistic regression, random forest (RF), decision tree, and K-
nearest neighbors (KNN). The models were chosen based on their suitability for the dataset and research objectives. To 
optimize the model performance, hyperparameter tuning was performed using grid search with cross-validation. The 
dataset was split into training and testing sets (70:30 split). The model performance was evaluated on the test set, with 
cross-validation employed to ensure the robustness of the results. Accuracy, recall positive, specificity positive, precision 
positive, F-1 score weight, and the area under the receiver operating characteristic curve (AUC-ROC) were used as 
performance metrics to identify the best-performing model. 

The analysis was implemented using scikit-learn alongside supporting libraries such as pandas for data 
manipulation, NumPy for numerical computations, and matplotlib/seaborn for data visualization. Custom scripts and 
functions were developed to streamline the analysis and ensure reproducibility. The predictive performance of the 
selected models was analyzed, and its implications were interpreted in the context of the research question. To improve 
the predictive performance of the model, the classification threshold was adjusted from the standard 0.5 to a value that 
balances sensitivity and specificity. This adjustment, guided by Youden’s Index, helped optimize the overall performance 
of the model.26 Insights derived from feature importance and model outputs were integrated into the broader discussion 
of the findings. In addition, the SHapley Additive exPlanation (SHAP) method was applied to some data points to 
determine the contribution of each studied feature. 

 
Results 

All variables representing risk factors in the study population (n = 638) are provided in Table 1. Key variables 
included DM, hypertension, family history, smoking status, BMI, and the prevalence of PE (16.45%). Data imbalance is 
observed in most of the variables in the study population, which could introduce bias. Notably, DM (1.73%), hypertension 
(9.88%), and obesity (11.92%) have been identified as strong predictors in many studies.4,5,6,8,13 

The data distribution indicated a substantial imbalance between the two groups, with 533 cases of no PE and 105 
cases of PE. These results suggested the need for resampling during data analysis to mitigate potential bias and ensure 
robust model performance. Several ML algorithms were evaluated with and without resampling techniques 
(oversampling and under sampling) to identify the algorithm that best addresses the research objectives. 
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Table 1. Variable in the Study Population 

Feature No  
n (%) 

Yes  
n (%) 

Type 2 diabetes mellitus 627 (98.27) 11 (1.73) 
Hypertension 575 (90.12) 63 (9.88) 
Family history of diabetes mellitus 458 (71.78) 180 (28.22) 
Family history of hypertension 351 (55.01) 287 (44.88) 
Active Smoking 355 (55.64) 283 (44.35) 
Primigravidity 399 (62.54) 239 (37.46) 
Mean Arterial Pressure in the 1st trimester ≥90 mmHg 409 (64.11) 229 (35.89) 
Body Mass Index underweight 351 (55.02) 287 (44.98) 
Body Mass Index normal weight 533 (83.54) 105 (16.45) 
Body Mass Index overweight 468 (73.35) 170 (26.65) 
Body Mass Index obese 562 (88.08) 76 (11.92) 
Preeclampsia 533 (83.54) 105 (16.45) 

 
Table 2. Performance Metrics of the Models Without/with Resampling 

2. a. Models Without Resampling 
MODEL Accuracy (%) Recall Positive (%) Specificity Positive (%) Precision Positive (%) F1-score Weight (%) AUC 
RF 79.17 10.00 97.37 50.00 73.21 0.62 
Logistic regression 79.17 0.00 100.00 0.00 69.96 0.49 
SVM 79.17 0.00 100.00 0.00 69.96 0.59 
Decision tree 79.17 0.00 100.00 0.00 69.96 0.55 
KNN 78.65 12.50 96.05 45.45 73.50 0.57 
2. b. Models with Oversampling 
MODEL Accuracy (%) Recall Positive (%) Specificity Positive (%) Precision Positive (%) F1-score Weight (%) AUC 
RF 67.19 35.00 75.66 27.45 68.55 0.56 
Logistic regression 63.02 52.50 65.79 28.77 66.17 0.66 
SVM 48.44 85.00 38.82 26.77 51.53 0.66 
Decision tree 65.63 20.00 77.63 19.05 65.93 0.48 
KNN 54.17 27.50 61.18 15.71 57.91 0.36 
2. c. Models with Under Sampling 
MODEL Accuracy (%) Recall Positive (%) Specificity Positive (%) Precision Positive (%) F1-score weight (%) AUC 
Random forest 58.33 47.50 61.18 24.36 62.07 0.62 
Logistic regression 63.02 55.00 65.13 29.33 66.24 0.65 
SVM 70.31 35.00 79.61 31.11 70.94 0.68 
Decision tree 53.13 80.00 46.05 28.07 56.85 0.65 
KNN 60.94 47.50 64.47 26.03 64.26 0.57 

Notes: AUC = area under the curve, RF = random forest, SVM =support vector machine, KNN = K-nearest neighbor 

 
In the initial analysis conducted on the cleaned dataset without resampling, all models showed poor performance 

(sensitivity and specificity) in PE prediction. In addition, all models showed low discriminatory power equivalent to 
random guessing (AUC <0.5). In this analysis, RF and KNN showed better sensitivity (10.00% and 12.50%, respectively) 
and specificity (97.37% and 96.05%, respectively) than the other models (Table 2.a). 

With oversampling, the RF classifier showed the highest accuracy (0.67) among the evaluated models (Table 2.b). This 
approach addressed some issues observed in the logistic regression model, particularly in classifying positive cases. 
Hyperparameter tuning was performed using HalvingGridSearchCV (Successive Halving Grid Search Cross-Validation) to 
optimize the model configuration. However, even after hyperparameter tuning, the RF classifier still showed limited 
sensitivity for positive cases and suboptimal overall performance, with an AUC of 0.56 and recall positive of 0.35 

Under sampling was further employed to balance the class distribution and improve predictive performance. 
Specifically, under sampling was performed to reduce the dominance of the negative class and improve the detection of 
positive cases. With under sampling, SVM showed the best performance, achieving an accuracy of 70.31% (Table 2.c). 
The ROC curve for this SVM model exhibited the trade-off between sensitivity and specificity across various prediction 
thresholds. An AUC of 0.68 indicated that the model outperforms random guessing (AUC = 0.50); however, its overall 
performance was still suboptimal, as an ideal model would have an AUC close to 1.0. 

The ROC curves and AUC values for the considered models are shown in Figure 2. The ROC curves showed the 
predictive performance of the five models (SVM, logistic regression, RF, decision tree, and KNN) in binary classification, 
with AUC values indicating predictive accuracy (compared to the diagonal line representing random guessing, AUC = 0.5). 
SVM showed the best predictive performance (AUC = 0.68), and KNN was the worst (AUC = 0.57). 
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Figure 2. Comparison of Receiver Operating Characteristic Curve Among Different Algorithms 

Notes: SVM = support vector machine, LR = logistic regression, KNN = K-nearest neighbor, AUC = area under the curve 

 
Further analysis was conducted to improve the predictive performance of the SVM model. The SVM model, with an 

accuracy of 59.37%, showed a sensitivity of 67.5%, a specificity of 57.23%, and an AUC of 67%, indicating moderate 
discriminatory power compared to other algorithms (Table 3). A low precision (high number of false positives) indicated 
problems with the compensation data and the limitations of feature engineering. 

 
Table 3. Performance Metrics of the Considered Models with Under Sampling and a Classification Threshold of 0.43 

MODEL Accuracy (%) Recall Positive (%) Specificity Positive (%) Precision Positive (%) AUC Best YI 
RF 48.96 75.00 42.00 25.42 0.62 0.17 
Logistic regression 54.17 67.50 51.00 26.47 0.65 0.18 
SVM* 59.37 67.50 57.23 29.34 0.67 0.24 
Decision tree 53.13 80.00 46.05 28.07 0.65 0.26 
KNN 53.64 62.50 51.31 25.25 0.56 0.13 
Notes: AUC = area under the curve, YI = Youden’s Index, RF = random forest, SVM = support vector machine, KNN = K-nearest neighbor 
*SVM is the best-performing model on the employed dataset; furthermore, it performs better than the models from a systematic review by Ranjbar et al., who 
reported a recall of 0.420 and accuracy of 0.740 for RF, and a recall of 0.789 and precision of 0.447 for EGBM (Extreme gradient boosting model) using maternal 
characteristics similar to those employed herein and biochemical and biophysical markers.16 

 
In addition, the SHAP analysis on 100 data points showed that mean arterial pressure in the first trimester has the 

greatest impact on outcomes, with smoking, history of hypertension and DM, and family history of hypertension and DM 
showing a lower impact. A case illustration was provided involving a 17 -17-year-old primigravida with a MAP of 92 
mmHg and a BMI of 26. Overall, the subject had no documented history of hypertension or DM prior to pregnancy but 
had a family history of hypertension. The subject data were input into the best-performing classifier, the SVM model, with 
a sensitivity of 67.5%, a specificity of 57.23%, and a classification threshold of 0.43 (supported by Youden’s Index of 
0.24). The model predicted a 53.73% probability of developing PE (high-risk pregnancy). 

 
Discussion 

In this retrospective study, sparse multivariable models developed for predicting the probability of PE showed their 
ability to balance predictive performance with an acceptable rate of false positive predictions. Such models are crucial 
for enhancing the predictive capacity of existing PE screening programs outlined in the Maternal and Child Health (MCH) 
handbook. Although a systematic review has shown that adherence to the MCH handbook improves maternal service 
utilization, improved mitigation of complications such as PE could further improve outcomes.27,28  A predictive model can 
assist doctors in PHC in identifying high-risk pregnant women and making informed decisions about providing 
preventive treatments for PE. 

http://et.al/
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The analysis of various ML algorithms revealed key insights into their strengths and limitations in PE prediction. 

Logistic regression showed the best performance in the initial analysis on the cleaned dataset without resampling, 
achieving an accuracy of 67%. However, its discriminatory ability, as reflected by an AUC of 0.49, was suboptimal, 
indicating performance slightly worse than random guessing. This limitation highlighted the challenges of the use of 
traditional statistical models for datasets with considerable class imbalance, as reflected in most cases (533 out of 638) 
being classified as no PE. 

To address data imbalance, random resampling was performed. With oversampling, the RF model showed the 
highest accuracy (67.9%). However, despite its improved accuracy, the model showed limited sensitivity, suggesting that 
oversampling alone does not fully address the issue of identifying positive cases. At the same time, undersampling was 
performed to reduce the dominance of the majority class. The SVM emerged as the best-performing model in this 
scenario, with an accuracy of 63% and an AUC of 0.68, indicating moderate discriminatory power. These results 
underscored the importance of considering various resampling techniques to enhance model performance. 

The selection between oversampling and undersampling for addressing class imbalance depends on several factors, 
including the dataset size, class distribution, and the potential impact on model performance, as observed herein. 
Oversampling, which increases the representation of the minority class by duplicating existing samples or generating 
synthetic ones via simple random oversampling or other advanced techniques (e.g., systematic minority oversampling 
technique (SMOTE)), is generally used on small datasets.29 In such cases, oversampling is preferred because it does not 
discard existing data, which might be valuable for training. 

Undersampling reduces the representation of the majority class by randomly selecting its subset.29 It is used on 
relatively large datasets or when the majority class is excessively overrepresented. Undersampling is also preferred when 
the majority class contains redundant or less informative data. A combination of oversampling and undersampling (e.g., 
Tomek Links or SMOTE+ENN) may also be used to effectively balance the dataset while minimizing the risk of overfitting 
or information loss. However, no strict rule guarantees success, so it is advisable to try all the above methods and evaluate 
model performance using appropriate metrics such as recall, specificity, and AUC-ROC.29 

In addition to resampling, feature selection may be used to optimize the predictive performance. A prospective 
cohort study in Uganda stated that maternal characteristics such as history of PE, maternal age ≥35 years, nullity, BMI, 
diastolic blood pressure, and simple laboratory tests can predict PE in clinical settings with 77% accuracy.30 A systematic 
study of 128 citations highlighted four ML-based studies based on maternal characteristics, medical history, obstetric 
history, and simple laboratory and ultrasound examination results, obtaining AUC values of 0.860–0.973.31 The best-
performing models in the above two studies included Elastic net, stochastic gradient boosting, extreme gradient boosting, 
and RF. These findings support the methodology of the present study, albeit with limited features.31 

One of the most important findings of this study was the impact of threshold adjustment on the model performance. 
A reduction in the classification threshold from the default 0.5 to 0.43 improved the balance between sensitivity and 
specificity for the SVM model. This adjustment, guided by Youden’s Index (0.24), allowed the SVM model to achieve a 
sensitivity of 67.5%, specificity of 57.23%, and precision of 29.34%. Although this adjustment increased the rate of false 
positives, it also enhanced the detection of high-risk pregnancies, which is critical in clinical settings where missing cases 
of PE can have severe consequences. 

Threshold adjustment is a practical strategy for addressing the inherent trade-off between sensitivity and 
specificity. In PE prediction, high sensitivity is particularly valuable for ensuring early PE detection and timely 
intervention for at-risk pregnancies.32 However, careful evaluation beyond sensitivity and specificity needs to be 
considered. The increased rate of false positives necessitates careful consideration of the burden on healthcare systems, 
including the cost and psychological impact of additional follow-up testing. A good threshold should reflect the clinical 
context, and additional adjustments should be considered to develop an optimal and valid prediction model.32 In practice, 
context-specific and shared decision-making among clinicians and policymakers should be considered.33 

Performance can vary based on the specific features used, the quality of data, and the chosen model. A systematic 
review found that highly accurate predictions may be made based on data from routine ANC checks.34 The AUC-ROC 
values of such models range from 0.64 and 0.96, sensitivity from 29% to 100%, and specificity from 26% to 96%, which 
are similar to those obtained herein.34 
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Another systematic review showed robust predictive performance of various algorithms using similar sets of 
features. The most frequently used algorithms are RF, SVM, and neural networks.30 Nevertheless, it should be emphasized 
that previous studies in the systematic review in which accuracy was above 90% suffered from several limitations.30 A 
Stochastic gradient boosting (SGB) model achieved an accuracy of 0,97% with a lack of trimester data and a small number 
of PE incidents (474 out of 10.532 cases) which was also experienced by this study.35 

Herein, typical secondary data analysis challenges were encountered, including missing values (584 entries) and 
duplicates (1,028 entries). The MCAR test indicated that the missing data were entirely random, necessitating the 
removal of these entries to ensure the integrity of the analysis. This resulted in a reduced dataset of 638 records, with an 
imbalance between the no PE (533 cases) and PE (105 cases) classes. 

In a retrospective cohort study of 16,370 mothers who gave birth at Stanford, ML was used for the early prediction 
of PE using ML.8 After cleaning, a dataset with 5,245 entries was obtained, among which only 561 were PE cases (10.7%). 
Despite the larger sample size, their predictive accuracy matches that of other studies, even though initial sample 
requirements were not specified. This mirrors the limitations of the present, suggesting that better data quality could 
improve performance.31 

Class imbalance can cause a bias toward the majority class. Thus, both oversampling and under sampling were 
employed in this study. Oversampling improved accuracy but reduced the specificity of the RF model, whereas under 
sampling improved the sensitivity/specificity balance of the SVM model at the cost of dataset size. Therefore, a more 
advanced technique might be more appropriate to handle data imbalance and tiny data sets such as that used herein. 
This particular restriction may complicate the interpretation of the model outcomes. Class imbalance can be prevented 
using synthetic minority oversampling, particularly by handling the missing data based on the data distribution.27 A 
previous study also addressed imbalance through oversampling, demonstrating its effectiveness alongside 
under sampling and cost-sensitive algorithms for rare medical outcomes.36 

A detailed comparison of the performance metrics of different models under various resampling strategies provided 
valuable insights. Without resampling, logistic regression and SVM showed similar performance metrics, including low 
sensitivity. Oversampling improved the accuracy of RF but failed to substantially increase sensitivity, which is critical for 
identifying high-risk pregnancies.31 With undersampling, the SVM model showed the highest AUC (0.68), making it the 
most balanced model in terms of overall predictive power. These findings underscored the importance of tailoring the 
resampling and modeling strategies to the specific requirements of the prediction task. For example, models with high 
sensitivity, such as SVM, are better suited for clinical applications where identifying positive cases is a priority, even at 
the cost of increased false positives. In contrast, models with higher specificity may be more appropriate in scenarios 
where minimizing unnecessary interventions is critical.34 

The development of models for predicting PE is of great clinical importance, particularly in resource-constrained 
settings. These models may complement the existing screening protocols in the MCH handbook by providing additional 
risk-stratification capabilities. For instance, the SVM model with the optimized threshold could be utilized by PHC to 
facilitate the identification of high-risk pregnancies requiring preventive measures. 

The implementation of such models in clinical practice can enable the early detection of at-risk pregnancies and, 
thereby, timely interventions, including the administration of low doses of aspirin and enhanced monitoring. However, 
the limitations of the models must also be considered, including their moderate discriminatory accuracy and potential 
false positive results, to prevent undue strain on healthcare infrastructure and unnecessary patient concern. 

Although the developed models based on simple features derived from the MCH handbook showed decent predictive 
performance, feature selection and engineering could be further refined to enhance model performance. Although the 
SHAP analysis was employed as a promising method for feature interpretation, this study primarily focused on 
optimizing predictive performance. At the same time, the authors advise that future studies employ the features 
documented in the MCH handbook to preserve the simplicity and clinical applicability of the models. 

This study has several limitations. First, reliance on secondary data restricted the inclusion of key predictors (e.g., 
biochemical markers and detailed clinical history), likely contributing to the moderate performance of the developed 
models. Second, substantial class imbalance necessitated resampling, which increased the risk of overfitting 
(oversampling) and reduced statistical power (undersampling). Third, the lack of external validation limited 
generalizability to other populations. Finally, the modest AUC scores and low statistical power (48.1% post-validation)  
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underscore the need for refinement before clinical implementation. Despite these limitations, the results indicated that 
PE can be predicted based on simple, primary care–compatible predictors. At the same time, further refinement of feature 
selection through advanced algorithms and external validation could enhance model performance. 

Building on this study's findings, several future research directions can be proposed. First, improving the initial 
feature selection is critical. Although incorporating advanced predictors (biochemical or genetic markers) could enhance 
model performance, their implementation may be impractical for public health programs. Instead, a more systematic 
approach to the selection of simple features and reengineering could improve the predictive accuracy and align with 
findings from other studies. 

Second, hybrid or ensemble methods (combining deep learning with SVM or RF) could show better forecasting 
accuracy and robustness. Third, prospective validation across diverse populations and clinical settings is essential for 
assessing the generalizability and practical utility of the developed models. Finally, the integration of these models into 
electronic medical record systems as decision-support tools could enable real-time risk assessments, enhancing the 
scalability and impact of PE screening programs. 

The development of models for PE prediction is a critical step toward improving maternal and neonatal outcomes, 
particularly in low- and middle-income countries, where the burden of hypertensive disorders in pregnancy is 
disproportionately high. By enabling earlier identification of high-risk pregnancies, such models can improve the 
efficiency of resource allocation, reduce complications, and improve overall care delivery. Moreover, integrating ML 
models into maternal health research highlights the potential of data-driven approaches to address complex healthcare 
challenges. The increase in the amount of available data and the evolution of analytical techniques are expected to 
facilitate the development of robust, scalable, and clinically relevant models, driving further improvements in maternal 
health outcomes. 

 
Conclusion 
This study indicates the promising potential of sparse multivariable prediction models for PE prediction, thereby 
improving screening programs. Despite the challenges associated with data quality and class imbalance, the models 
developed, particularly SVM with threshold optimization, show promising performance with balanced sensitivity and 
specificity. However, additional refinement and validation are required to realize their potential for clinical application. 
Integrating these models into existing screening protocols can facilitate the detection and management of high-risk 
pregnancies, ultimately improving maternal and neonatal health outcomes. 
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