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Abstract

Preeclampsia is a major pregnancy complication where accurate risk assessment is essential
to improve maternal and fetal outcomes. This paper presents an interpretable machine learning
framework for preeclampsia prediction using the Ljubljana dataset by integrating maternal clini-
cal characteristics, uterine artery Doppler measurements, angiogenic biomarkers, and engineered
interaction features. An ablation study evaluated the contribution of each feature group, while
multiple classifiers were assessed using repeated cross-validation. Model reliability was enhanced
through selective prediction, and interpretability was investigated using SHAP global feature im-
portance, local explanations, and pairwise feature interaction analysis. In addition, gestational age
at delivery was predicted using regression models. The Random Forest classifier achieved the best
classification performance with a ROC-AUC of 0.880 and an F1-score of 0.819. Selective prediction
further improved the F1-score to 0.962 at 44.2% coverage. SHAP analysis identified angiogenic
biomarkers and engineered interaction features as the most influential predictors, while pairwise
interaction analysis revealed complementary relationships between biomarkers, Doppler measure-
ments, and engineered features learned by the model. Furthermore, the Random Forest regression
model achieved an MAE of 2.63 weeks and an R2 of 0.423 for gestational age prediction. These
results demonstrate that the proposed framework provides accurate, reliable, and interpretable
decision support for preeclampsia risk assessment.
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1. Introduction

Preeclampsia is a pregnancy complication characterized by new-onset hypertension and organ dysfunc-
tion after 20 weeks of gestation. According to the World Health Organization, preeclampsia affects
between 2% and 10% of pregnancies and remains a leading cause of maternal and perinatal morbidity
and mortality [10,21]. Early identification of women at high risk is essential for improving pregnancy
management and reducing adverse maternal and neonatal outcomes.

Preeclampsia is associated with abnormal placentation, impaired uteroplacental perfusion, and
angiogenic imbalance [20]. Consequently, maternal clinical characteristics, uterine artery Doppler
measurements, and angiogenic biomarkers such as placental growth factor (PlGF) and soluble fms-
like tyrosine kinase-1 (sFlt-1) have become important predictors for risk assessment. Several studies
have demonstrated that combining these complementary sources of information improves prediction
performance compared with using clinical variables alone [23, 24]. More recently, machine learning
methods have demonstrated promising results by learning complex nonlinear relationships among
multimodal clinical variables, with the Ljubljana dataset [17] emerging as an important benchmark
for evaluating prediction models based on clinical, Doppler, and angiogenic biomarkers [2, 11,19,22].

Despite these advances, several challenges remain. Most studies primarily assess predictive perfor-
mance while providing limited interpretation of model decisions. Explainability is generally limited
to global feature importance, whereas local explanations and interactions between clinical variables,
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angiogenic biomarkers, and uterine artery Doppler measurements receive limited investigation. Fur-
thermore, existing studies generally rely on the original feature representation without exploring clini-
cally motivated engineered interaction features. Conventional classifiers generate predictions for every
patient regardless of confidence, which may reduce their reliability in clinical practice. Finally, previ-
ous studies using the Ljubljana dataset [17] have focused on classifying preeclampsia and intrauterine
growth restriction, with limited investigation of additional pregnancy outcomes.

To address these limitations, this paper proposes an explainable machine learning framework for
preeclampsia prediction using the Ljubljana dataset. The framework integrates maternal clinical
variables, uterine artery Doppler measurements, angiogenic biomarkers, and engineered interaction
features. An ablation study evaluates the contribution of progressively enriched feature sets, while
multiple machine learning classifiers are compared using repeated cross-validation. Prediction relia-
bility is enhanced through selective prediction, whereas model transparency is achieved using SHAP
global feature importance, local explanations, and pairwise feature interaction analysis. In addition,
gestational age at delivery is investigated as a complementary regression task, providing a broader
assessment of pregnancy outcomes.

The main contributions of this paper are as follows:

1. Development of an interpretable machine learning framework integrating clinical variables, uter-
ine artery Doppler measurements, angiogenic biomarkers, and clinically inspired engineered in-
teraction features.

2. Evaluation of progressively enriched feature sets and multiple machine learning classifiers through
a comprehensive ablation study.

3. Integration of selective prediction to improve the reliability of automated clinical decision sup-
port.

4. Explainability analysis combining SHAP global feature importance, local explanations, and pair-
wise feature interaction analysis to characterize clinically meaningful relationships learned by the
model.

5. Evaluation of gestational age at delivery prediction using the proposed multimodal feature rep-
resentation.

The remainder of this paper is organized as follows. Section 3 describes the Ljubljana dataset
and the considered variables. Section 4 presents the proposed methodology. Section 5 describes the
experimental protocol. Section 6 reports the experimental results. Sections 7, 8, and 9 discuss the
findings, limitations, and future research directions, while Section 10 concludes the paper.

2. Related Work

Preeclampsia prediction has evolved from conventional statistical models to advanced machine learn-
ing and deep learning techniques. Early approaches were mainly based on logistic regression and
competing-risk models integrating maternal characteristics with uterine artery Doppler measurements
and angiogenic biomarkers. The Fetal Medicine Foundation (FMF) screening model is among the
most widely adopted clinical tools, combining maternal history, mean arterial pressure, uterine artery
pulsatility index, PlGF, pregnancy-associated plasma protein-A (PAPP-A), and the sFlt-1/PlGF ratio
to identify women at risk of preterm preeclampsia [3, 5].

Recent advances in machine learning have enabled more accurate prediction by modeling nonlin-
ear relationships among heterogeneous clinical variables. Random Forest, Support Vector Machine,
Gradient Boosting, XGBoost, Decision Trees, and Neural Networks are the most frequently investi-
gated algorithms [19]. Representative studies reported competitive performance using Random Forest,
Naive Bayes, Support Vector Machines, Decision Trees [1,14], routine blood biomarkers [18], ensemble

2



learning strategies [9], and deep learning models trained on structured clinical data and electronic
health records [3, 8].

The Ljubljana dataset has emerged as a valuable public benchmark for developing and evaluating
machine learning models for placental disorders because it combines maternal clinical characteristics,
uterine artery Doppler measurements, angiogenic biomarkers, and pregnancy outcomes. Previous
studies using this dataset investigated the prediction of preeclampsia and intrauterine growth restric-
tion through comparisons of conventional machine learning algorithms, feature selection methods, and
multimodal data integration [2, 22]. Their findings demonstrated that combining clinical characteris-
tics with Doppler and angiogenic biomarkers substantially improves predictive performance compared
with individual feature groups, highlighting the complementary diagnostic value of these heterogeneous
sources of information.

Despite these advances, several limitations remain. Most studies focus primarily on maximizing
predictive performance while providing limited model interpretability. When explainability is consid-
ered, it is generally restricted to global feature importance, whereas local explanations and feature
interaction analyses remain largely unexplored. Furthermore, previous investigations based on the
Ljubljana dataset employ the original clinical, Doppler, and biomarker variables without introducing
clinically motivated engineered interaction features designed to capture relationships between placen-
tal perfusion and angiogenic imbalance [2, 22]. In addition, prediction reliability has received limited
attention, as conventional classifiers generate predictions for every patient regardless of confidence.
Finally, previous studies using the Ljubljana dataset have primarily focused on the classification of
preeclampsia and intrauterine growth restriction, with limited investigation of additional pregnancy
outcomes, such as gestational age at delivery.

Motivated by these limitations, the proposed framework integrates maternal clinical characteristics,
uterine artery Doppler measurements, angiogenic biomarkers, and engineered interaction features. It
further combines an ablation study, SHAP-based global, local, and interaction analyses, selective
prediction, and gestational age at delivery prediction within a unified explainable machine learning
framework.

3. Materials

3.1. Ljubljana Dataset

The experiments were conducted using the publicly available Ljubljana preeclampsia dataset1 [17],
which contains maternal clinical characteristics, uterine artery Doppler measurements, angiogenic
biomarkers, and pregnancy outcomes. The dataset includes pregnancies with and without preeclamp-
sia and was collected at the University Medical Centre Ljubljana, Slovenia. The measurements were
acquired during the second trimester before the clinical diagnosis of preeclampsia, enabling the eval-
uation of predictive models prior to disease manifestation.

After preprocessing and data cleaning, the dataset comprised 95 pregnancies, including 54 cases
diagnosed with preeclampsia and 41 control pregnancies. The relatively small sample size makes
robust validation procedures essential to obtain reliable estimates of model performance.

3.2. Clinical Variables

The clinical variables describe maternal demographic and obstetric characteristics routinely collected
during prenatal care. These variables include maternal age, prepregnancy weight, maternal height,
body mass index (BMI), and parity. Such maternal characteristics are well-established risk factors for
adverse pregnancy outcomes and constitute the baseline feature set used throughout the experiments.

1https://data.mendeley.com/datasets/zsjhvy9ytx/1
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3.3. Uterine Artery Doppler Variables

Uterine artery Doppler ultrasound provides a noninvasive assessment of placental perfusion and vascu-
lar resistance. The dataset includes Doppler-derived measurements from both the left and right uterine
arteries, including the pulsatility index (PI), resistance index (RI), peak systolic velocity (PSV), and
the presence of bilateral uterine artery notching. In addition, the mean pulsatility index (Mean PI),
mean resistance index (Mean RI), and mean peak systolic velocity (Mean PSV) were computed by
averaging the corresponding left and right uterine artery measurements, providing global indicators of
uteroplacental blood flow. Since impaired placentation is a hallmark of preeclampsia, these Doppler
variables provide valuable physiological information for risk prediction.

3.4. Angiogenic Biomarkers

The dataset contains circulating angiogenic biomarkers that reflect placental function and endothelial
balance. Specifically, PlGF and soluble sFlt-1 were considered in this study. In addition to the
original biomarker measurements, the clinically established sFlt-1/PlGF ratio was included because it
has demonstrated strong diagnostic and prognostic value for placental dysfunction and preeclampsia
in previous studies.

3.5. Outcome Variables

Two prediction tasks were investigated in this study. The primary outcome was the presence or absence
of preeclampsia, which was formulated as a binary classification problem. In addition, gestational age
at delivery was considered as a secondary outcome and formulated as a regression problem to evaluate
the ability of the proposed framework to predict clinically relevant pregnancy outcomes beyond disease
classification.

4. Methodology

4.1. Overview of the Proposed Framework

Figure 1 illustrates the overall workflow of the proposed framework. Starting from the Ljubljana
dataset, the pipeline consists of data preprocessing, feature engineering, feature set construction,
machine learning model development, selective prediction, and explainability analysis. The framework
is designed to evaluate the contribution of heterogeneous maternal data for preeclampsia prediction
while providing reliable and interpretable predictions. The same framework is subsequently extended
to predict gestational age at delivery.

4.2. Data Preprocessing

The dataset was first inspected to identify missing values, inconsistent records, and duplicated ob-
servations. Missing numerical values were imputed using the median of the corresponding feature.
Continuous variables were standardized when required by the learning algorithm, whereas tree-based
models were trained using the original feature scales. The target variable for the classification task
was encoded as a binary label, while gestational age at delivery was retained as a continuous variable
for regression.

4.3. Feature Engineering

Feature engineering was performed to exploit the complementary information contained in clinical
characteristics, uterine artery Doppler measurements, and angiogenic biomarkers. In addition to
the original variables, clinically motivated interaction features were designed to better characterize
placental dysfunction.
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Figure 1. Overview illustrating the proposed explainable machine learning framework for preeclampsia classifi-
cation and gestational age at delivery prediction. The workflow includes data preprocessing, feature engineering,
feature set construction, model training, selective prediction, regression analysis, and SHAP-based explainabil-
ity.

4.3.1. Clinical Features

The clinical feature group contains routinely collected maternal characteristics, including demographic
information, obstetric history, blood pressure measurements, and other clinical risk factors available
in the Ljubljana dataset. These variables constitute the baseline predictor set.

4.3.2. Doppler Features

The Doppler feature group includes uterine artery ultrasound measurements describing placental blood
flow and vascular resistance. These variables provide complementary physiological information regard-
ing placental perfusion and are widely used for preeclampsia risk assessment.

4.3.3. Biomarker Features

The biomarker feature group consists of angiogenic biomarkers associated with placental development
and endothelial dysfunction. In addition to the individual biomarker concentrations, the sFlt-1/PlGF
ratio was considered because of its established clinical relevance for preeclampsia prediction.

4.3.4. Engineered Interaction Features

To capture complementary information between placental perfusion and angiogenic imbalance, four
clinically motivated interaction features were engineered from the original Doppler and biomarker
variables. These features combine standardized or transformed measurements to explicitly model
physiological relationships that are not represented by the original variables alone.

The angiogenic imbalance was first quantified using the logarithm of the sFlt-1/PlGF ratio:

log sFlt1 PlGF = log

(︃
sFlt1 + ε

PlGF + ε

)︃
, (1)

where ε = 10−8 avoids division by zero.
The Doppler-Angiogenic Index combines angiogenic imbalance with uterine artery impedance:

Doppler Angiogenic Index =
MeanPI× log sFlt1 PlGF.

(2)
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To summarize placental dysfunction, standardized (z-score) versions of Mean PI, sFlt-1, and PlGF
were combined as

Placental Dysfunction Score =
z(MeanPI) + z(sFlt1)− z(PlGF),

(3)

where

z(x) =
x− µx

σx
, (4)

with µx and σx denoting the mean and standard deviation computed from the training data.
Finally, the PlGF-Doppler Discordance feature measures the disagreement between Doppler as-

sessment and angiogenic status:

PlGF Doppler Discordance = z(MeanPI)− z(PlGF). (5)

These engineered features were designed to integrate complementary physiological information
while remaining simple to compute and clinically interpretable.

4.4. Feature Set Construction

Four feature sets were evaluated through an ablation study. The first includes only clinical vari-
ables. The second combines clinical and Doppler variables. The third further incorporates angiogenic
biomarkers. The final feature set augments these variables with the engineered interaction features.
This progressive evaluation enables the contribution of each feature category to be quantified.

4.5. Classification Models

Several supervised machine learning algorithms were evaluated for preeclampsia prediction, including
Logistic Regression, Naive Bayes, Decision Tree, Random Forest, Gradient Boosting, and XGBoost.
To reduce the impact of class imbalance, algorithms supporting class weighting were trained using
balanced class weights whenever applicable. Model performance was compared using an identical
evaluation protocol.

4.6. Regression Models

The prediction of gestational age at delivery was formulated as a regression problem. Linear Regres-
sion, Ridge Regression, Lasso Regression, ElasticNet, Random Forest Regressor, Extra Trees Regres-
sor, and Gradient Boosting Regressor were evaluated using the complete feature set to investigate the
predictive value of the proposed framework for pregnancy outcome prediction.

4.7. Selective Prediction

To improve prediction reliability, a selective prediction strategy was applied to the best-performing
classification model. Instead of producing predictions for every patient, the classifier was allowed
to abstain from low-confidence predictions based on the estimated class probability. Performance
was subsequently evaluated as a function of prediction coverage to assess how reliability varies with
prediction availability.

4.8. Explainability

Model interpretability was investigated using SHAP (SHapley Additive exPlanations) [12], which
provides consistent feature attribution scores for individual predictions and global model behavior.
Several complementary analyses were performed to obtain a comprehensive understanding of the
learned prediction mechanisms.
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Global SHAP values were computed to quantify the overall importance of each feature, while local
explanations were generated to analyze feature contributions for a representative individual patient.
These analyses provide clinically interpretable explanations of the model predictions.

Pairwise SHAP interaction values were computed for the model classifier to quantify the joint
contribution of feature pairs to each prediction. The average absolute interaction value was used
to rank interactions according to their overall influence. This analysis complements global SHAP
importance by identifying synergistic relationships learned by the model.

5. Experimental Setup

5.1. Experimental Design

The proposed framework was evaluated on two prediction tasks. The primary task consists of bi-
nary classification for preeclampsia prediction, whereas the secondary task investigates gestational
age at delivery prediction as a regression problem. Four feature sets were considered in the classifica-
tion experiments: (i) clinical variables, (ii) clinical and Doppler variables, (iii) clinical, Doppler, and
angiogenic biomarkers, and (iv) the previous feature set augmented with engineered interaction fea-
tures. The best-performing classifier was subsequently used for selective prediction and SHAP-based
explainability analyses.

5.2. Cross-Validation Strategy

Model performance was estimated using repeated 5-fold cross-validation with 10 repetitions, providing
50 independent train-test evaluations for each model. Mean performance and standard deviation were
reported across all runs to obtain robust estimates of model generalization [7].

5.3. Evaluation Metrics

Classification models were evaluated using ROC-AUC, F1-score, accuracy, precision, and recall [16].
Regression models were assessed using Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and the coefficient of determination (R2) [4].

5.4. Implementation Details

All experiments were implemented in Python using Scikit-learn [15]. Data preprocessing was per-
formed with Pandas [13] and NumPy [6], while SHAP [12] was used to explain model predictions.
Fixed random seeds were adopted throughout the experiments to ensure reproducibility.

6. Results

6.1. Ablation Study

An ablation study was conducted to evaluate the contribution of progressively enriched feature sets
to preeclampsia prediction. As summarized in Tables 1 and 2, four feature sets were constructed
by incrementally incorporating clinical variables, uterine artery Doppler measurements, angiogenic
biomarkers, and engineered interaction features. This progressive design enabled a systematic assess-
ment of the contribution of each feature category to predictive performance.

Table 3 summarizes the best classification performance obtained for each feature set. Using only
clinical variables resulted in the lowest predictive performance (ROC-AUC = 0.703). Adding uterine
artery Doppler variables substantially improved the ROC-AUC to 0.767, demonstrating the comple-
mentary value of placental perfusion measurements. The largest improvement was achieved after
incorporating angiogenic biomarkers, increasing the ROC-AUC to 0.882. Finally, introducing the
engineered interaction features further improved the F1-score (0.819) and accuracy (0.789), while
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Table 1. Feature sets evaluated in the ablation study.

Feature Set Included Variables No. Features

Clinical Clinical 5
Clinical + Doppler Clinical + Doppler 15
Clinical + Doppler + Biomarkers Clinical + Doppler + Biomarkers 18
Clinical + Doppler + Biomarkers + Interaction Features Clinical + Doppler + Biomarkers + Interaction Features 22

Table 2. Variables included in each feature group.

Feature Group Variables

Clinical Maternal age (years), Pre-pregnancy weight (kg), Maternal height (m), BMI
(kg/m2), Parity.

Doppler Right uterine artery RI, Right uterine artery PI, Right uterine artery PSV,
Left uterine artery RI, Left uterine artery PI, Left uterine artery PSV, Mean
PI, Mean RI, Mean PSV, Bilateral notch.

Biomarkers PlGF (µg/L), sFlt-1 (µg/L), sFlt-1/PlGF ratio.

Interaction Features log(sFlt-1/PlGF), Doppler Angiogenic Index, Placental Dysfunction Score,
PlGF Doppler Discordance.

Table 3. Best classification performance obtained for each feature set during the ablation study.

Feature Set Best Model ROC-AUC F1-score Accuracy

Clinical Logistic Regression 0.703 ± 0.120 0.644 ± 0.081 0.642

Clinical + Doppler Random Forest 0.767 ± 0.124 0.769 ± 0.046 0.726

Clinical + Doppler + Biomarkers Random Forest 0.882 ± 0.072 0.808 ± 0.044 0.779

Clinical + Doppler + Biomarkers + Interaction Features Random Forest 0.880 ± 0.069 0.819 ± 0.048 0.789

Table 4. Selective prediction performance obtained using the selected Random Forest classifier.

Threshold Coverage (%) ROC-AUC Accuracy F1-score

0.70 76.8 0.905 0.849 0.871

0.75 65.3 0.921 0.887 0.907

0.80 53.7 0.935 0.902 0.918

0.85 44.2 0.936 0.952 0.962

0.90 26.3 0.934 0.920 0.938

maintaining a comparable ROC-AUC (0.880). These results indicate that Doppler measurements
and angiogenic biomarkers provide the greatest contribution to prediction performance, whereas the
proposed interaction features mainly improve the balance between precision and recall.

6.2. Selective Prediction Performance

Random Forest achieved the best overall classification performance (Section 4.5) and was therefore
selected for the selective prediction analysis. Instead of producing predictions for every patient, the
classifier was allowed to abstain from cases associated with low confidence. Performance was subse-
quently evaluated at different confidence thresholds to examine the relationship between prediction
coverage and classification performance.

Table 4 shows that increasing the confidence threshold progressively reduced prediction coverage
while improving classification performance. Compared with the baseline classifier without abstention
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(a) Global SHAP feature importance.

(b) SHAP waterfall explanation for Patient 54.

Figure 2. Global and local SHAP explanations for the selected Random Forest classifier. The summary bar
plot ranks features according to their mean absolute SHAP values, whereas the waterfall plot illustrates how
individual feature contributions produce the prediction for a representative patient.

(ROC-AUC = 0.880 and F1-score = 0.819), selective prediction achieved a ROC-AUC of 0.936 and
an F1-score of 0.962 at a confidence threshold of 0.85, while providing predictions for 44.2% of the
patients. Increasing the threshold to 0.90 further reduced coverage to 26.3% without improving ROC-
AUC or F1-score. These findings indicate that a confidence threshold of 0.85 provides the most suitable
balance between prediction reliability and patient coverage, allowing highly confident predictions to
be identified while referring uncertain cases for additional clinical assessment.

6.3. SHAP Analysis

SHAP was employed to interpret the predictions generated by the selected Random Forest classifier
through global feature importance, local explanations for individual predictions, and pairwise feature
interaction analysis.

Figure 2a presents the mean absolute SHAP values, which quantify the average contribution of each
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Figure 3. Top pairwise feature interactions ranked by the mean absolute SHAP interaction value for the se-
lected Random Forest model. Higher values indicate stronger joint contributions of feature pairs to preeclampsia
prediction.

feature to the model predictions. The results show that S-Flt1 is the most influential predictor, with
a mean absolute SHAP value of 0.097, followed by the engineered feature Placental Dysfunction Score
(0.058), log sFlt1 PlGF (0.040), the sFlt1/PlGF ratio (0.031), and BMI (0.030). Doppler-derived
variables, including the uterine artery pulsatility indices and the proposed Doppler Angiogenic Index,
also ranked among the most important predictors. In contrast, maternal age, parity, and uterine
artery resistance indices exhibited relatively small SHAP values, indicating a limited contribution to
the final predictions.

These findings demonstrate that angiogenic biomarkers constitute the primary source of predictive
information, while Doppler measurements provide complementary information. Furthermore, the
high ranking of the proposed engineered features confirms that combining biomarkers and Doppler
measurements captures clinically meaningful information that is not fully represented by the original
variables alone.

Figure 2b illustrates the SHAP waterfall explanation for a representative patient predicted as
having a high risk of preeclampsia. The model assigned a prediction probability of 0.98, substan-
tially higher than the baseline probability of 0.50. The largest positive contribution originated from
the patient’s elevated S-Flt1 concentration, which increased the prediction by approximately 0.13.
Additional positive contributions were provided by the Placental Dysfunction Score, log sFlt1 PlGF,
sFlt1/PlGF, elevated BMI, and several Doppler measurements. Collectively, these features shifted the
prediction from the baseline value to a very high predicted risk, illustrating how the model combines
multiple clinical indicators to support its decision.

Figure 3 presents the strongest pairwise feature interactions identified using SHAP interaction val-
ues for the selected Random Forest classifier. The largest interaction was observed between BMI and
S-Flt1, followed by interactions between the right uterine artery pulsatility index (PI) and the Pla-
cental Dysfunction Score, and between S-Flt1 and the sFlt-1/PlGF ratio. These results indicate that
the model relies on combinations of maternal characteristics, Doppler measurements, and angiogenic
biomarkers rather than isolated predictors.
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Table 5. Comparison of regression models for gestational age at delivery prediction.

Model MAE RMSE R2

Linear Regression 2.54 3.18 0.398

Ridge 2.56 3.14 0.426

ElasticNet 2.57 3.16 0.417

Lasso 2.58 3.18 0.407

Random Forest 2.63 3.12 0.423

Extra Trees 2.64 3.18 0.405

Gradient Boosting 2.79 3.37 0.326

Several engineered interaction features also appeared among the strongest interactions. The Pla-
cental Dysfunction Score interacted prominently with S-Flt1, the right and left uterine artery PI,
Mean PI, and bilateral uterine artery notch. Similarly, the Doppler Angiogenic Index showed a strong
interaction with S-Flt1, while the logarithmic sFlt-1/PlGF ratio interacted with both Mean PI and the
right uterine artery PI. These observations demonstrate that the engineered features remain strongly
connected to their constituent variables while capturing complementary information exploited by the
Random Forest classifier.

The pairwise interaction analysis complements the global SHAP importance ranking by revealing
how combinations of clinical variables, Doppler measurements, angiogenic biomarkers, and engineered
interaction features jointly contribute to prediction. These findings provide additional insight into
the decision-making process of the proposed framework and further support the use of the proposed
engineered interaction features.

6.4. Gestational Age at Delivery Prediction

In addition to preeclampsia prediction, the proposed feature set was evaluated for predicting ges-
tational age at delivery using a regression formulation. This complementary analysis investigates
whether the same clinical variables, uterine artery Doppler measurements, angiogenic biomarkers,
and engineered interaction features are informative for estimating delivery timing. Performance was
assessed using MAE, RMSE, and R2.

6.4.1. Regression Model Comparison

Table 5 compares the performance of the evaluated regression models. Random Forest achieved the
lowest RMSE (3.12 weeks), while Linear Regression obtained the lowest MAE (2.54 weeks) and Ridge
achieved the highest R2 (0.426). However, the differences among Random Forest, Ridge, ElasticNet,
Lasso, and Linear Regression were relatively small. Considering its superior robustness to larger
prediction errors, as reflected by the lowest RMSE, Random Forest was selected for further analysis.

Overall, the best-performing models explained approximately 42% of the variance in gestational age
at delivery, indicating a moderate predictive capability. The average prediction error of approximately
2.6 weeks suggests that the proposed feature set captures clinically relevant information associated
with delivery timing.

6.4.2. Prediction Performance

Based on the comparison presented in Table 5, Random Forest was selected as the final regression
model. The model achieved an MAE of 2.63 weeks, an RMSE of 3.12 weeks, and an R2 of 0.423.

Figure 4 compares the predicted and observed gestational ages. Most predictions follow the identity
line, indicating good agreement between predicted and actual values. The largest deviations are mainly
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Figure 4. Predicted versus actual gestational age at delivery obtained using the selected Random Forest
regression model.

Figure 5. Residual plot obtained using the selected Random Forest regression model.

observed for pregnancies delivered at earlier gestational ages, whereas predictions for deliveries closer
to term are generally more accurate. These observations are consistent with the quantitative evaluation
reported in Table 5.

6.4.3. Residual Analysis

Figure 5 presents the residual distribution for the selected Random Forest model. Most residuals
are centered around zero, indicating that the model does not exhibit a strong systematic tendency
to overestimate or underestimate gestational age at delivery. Although some larger residuals are
observed, particularly for preterm deliveries, no clear pattern is visible across the prediction range.
This behavior suggests that the prediction errors are reasonably well distributed and that the Random
Forest model provides stable estimates across different gestational ages.

7. Discussion

7.1. Clinical Interpretation

The experimental results demonstrate that combining clinical variables, uterine artery Doppler mea-
surements, and angiogenic biomarkers enables accurate prediction of preeclampsia after biomarker ac-

12



quisition. The progressive improvement observed during the ablation study confirms that each group
of variables contributes complementary clinical information. Clinical characteristics alone provided
limited predictive performance, whereas Doppler measurements substantially improved discrimination
by capturing impaired uteroplacental perfusion. The largest performance gain was achieved after
incorporating angiogenic biomarkers, particularly sFlt-1 and PlGF, which are well-established indi-
cators of placental dysfunction. These findings are consistent with the current understanding that
preeclampsia results from the combined effects of abnormal placentation, vascular dysfunction, and
angiogenic imbalance rather than a single clinical factor.

7.2. Contribution of Engineered Features

Although the inclusion of engineered interaction features produced only modest improvements in over-
all predictive performance, explainability analysis demonstrated that several of these features ranked
among the most influential predictors. In particular, the Placental Dysfunction Score, Doppler Angio-
genic Index, log sFlt1 PlGF, and PlGF Doppler Discordance received high SHAP importance scores,
indicating that they capture clinically meaningful relationships between biomarkers and Doppler mea-
surements. These engineered variables summarize complex interactions into interpretable indicators
that are easier for machine learning models to exploit than the original measurements alone. Conse-
quently, they improve model interpretability while preserving competitive predictive performance.

7.3. Reliability Through Selective Prediction

Selective prediction further improved the reliability of the proposed framework by allowing the classifier
to abstain from low-confidence predictions. As the confidence threshold increased, prediction coverage
decreased while classification performance improved considerably. At a confidence threshold of 0.85,
the Random Forest classifier achieved an F1-score of 0.962 with an accuracy of 95.2%, although
predictions were produced for only 44.2% of the evaluated cases. Such a strategy is particularly relevant
in clinical decision support, where uncertain predictions can be referred for additional examinations or
specialist assessment rather than relying on potentially unreliable automated decisions. This selective
prediction mechanism therefore provides a practical way to increase confidence in machine learning
recommendations.

7.4. Interpretability of the Proposed Framework

Interpretability analyses demonstrate that the proposed framework provides transparent and clinically
meaningful predictions. Global SHAP analysis consistently identified S-Flt1, the Placental Dysfunc-
tion Score, the sFlt-1/PlGF ratio, and Doppler-derived variables as the most influential predictors,
indicating that the model primarily relies on angiogenic biomarkers and placental perfusion measure-
ments. Local SHAP explanations complemented this analysis by illustrating how individual features
contributed to each patient’s prediction, allowing the factors driving high- and low-risk classifications
to be identified.

Pairwise SHAP interaction analysis provided additional insight into the prediction process by re-
vealing how combinations of clinical variables, Doppler measurements, angiogenic biomarkers, and
engineered interaction features jointly influenced the Random Forest classifier. Several engineered fea-
tures, including the Placental Dysfunction Score, Doppler Angiogenic Index, and log(sFlt-1/PlGF),
exhibited strong interactions with their constituent variables, indicating that they capture complemen-
tary information learned by the model. Together, these explainability analyses increase confidence in
the proposed framework and facilitate the clinical interpretation of its predictions.

7.5. Prediction of Pregnancy Outcomes

Beyond preeclampsia classification, the proposed feature set also demonstrated predictive capability
for gestational age at delivery. The Random Forest regression model achieved an MAE of 2.63 weeks,
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an RMSE of 3.12 weeks, and an R2 of 0.423, indicating moderate agreement between predicted and
observed delivery timing. Although this secondary task does not reach the predictive performance
obtained for preeclampsia classification, the results suggest that the same multimodal feature repre-
sentation contains information associated with pregnancy progression and delivery outcomes. This
additional analysis highlights the flexibility of the proposed framework and suggests that it may be
extended to support multiple prediction tasks using a unified set of clinical, Doppler, biomarker, and
engineered features.

8. Limitations

Several limitations should be acknowledged. First, the proposed framework was evaluated using a
single-center dataset containing a limited number of subjects, which may restrict the generalizability
of the reported results. Although repeated cross-validation was employed to reduce estimation bias,
external validation using independent cohorts remains necessary.

Second, the study focuses on prediction after the acquisition of angiogenic biomarkers and uterine
artery Doppler measurements rather than early first-trimester screening. Consequently, the proposed
framework is intended to support clinical decision-making after these examinations have been per-
formed and should not be interpreted as an early prediction model.

Third, only gestational age at delivery was investigated as a secondary regression task. Other
clinically important pregnancy outcomes, such as birth weight, neonatal complications, or maternal
adverse events, were not considered.

Finally, although SHAP-based explainability provides transparent global and local explanations,
these explanations should be regarded as decision-support information rather than evidence of causal
relationships between predictors and preeclampsia.

9. Future Work

Future work will focus on validating the proposed framework using larger multi-center cohorts collected
from different healthcare institutions to evaluate its generalizability across diverse patient populations.
Additional pregnancy outcomes, including birth weight and neonatal complications, will also be in-
vestigated within a multi-task learning framework.

Another promising direction consists of integrating longitudinal clinical observations collected
throughout pregnancy, enabling dynamic risk assessment as new information becomes available. Fi-
nally, prospective clinical evaluation will be necessary to assess the practical utility of the proposed
selective prediction strategy and explainability framework in routine obstetric practice.

10. Conclusion

This paper presented an interpretable machine learning framework for preeclampsia prediction using
clinical variables, uterine artery Doppler measurements, angiogenic biomarkers, and engineered inter-
action features derived from the Ljubljana dataset. An extensive ablation study demonstrated the
complementary contribution of each feature group, while engineered interaction features further im-
proved model interpretability and produced competitive predictive performance. Among the evaluated
classifiers, Random Forest achieved the best overall results, and selective prediction further increased
prediction reliability by allowing the model to abstain from low-confidence decisions.

Explainability analyses, including SHAP global feature importance, local explanations, and pair-
wise interaction analysis, provided additional insight into the prediction process. These analyses
highlighted the dominant contribution of angiogenic biomarkers and Doppler-derived indicators and
showed how combinations of these variables jointly influenced the predictions generated by the Ran-
dom Forest classifier.
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Beyond preeclampsia classification, the proposed feature representation also demonstrated mod-
erate capability for predicting gestational age at delivery, suggesting that the same multimodal infor-
mation can support additional pregnancy outcome prediction tasks.

Overall, the proposed framework combines predictive performance, reliability, and interpretabil-
ity, making it a promising decision-support approach for assisting clinicians in the assessment of
pregnancies at risk of preeclampsia while providing transparent explanations that facilitate clinical
interpretation.

Data Availability

The source code implementing the proposed framework, including data preprocessing, feature engi-
neering, model training, evaluation, selective prediction, and SHAP-based explainability, is publicly
available at: https://github.com/mdbekkouche/preeclampsia-prediction

The repository provides all scripts necessary to reproduce the experimental results reported in this
study.
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