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Abstract
Background: Preeclampsia remains a leading cause of maternal and perinatal morbidity in low- and
middle-income countries (LMICs). As preparatory methodological work for an AI-powered population-
based birth cohort in Sri Lanka, this study systematically evaluated machine learning algorithms for
preeclampsia prediction under realistic constraints of small sample size, severe class imbalance, and
routine clinical features.

Methods: Data from 343 pregnant women in the Western Province of Sri Lanka were analysed, including
310 preeclampsia-negative and 33 preeclampsia-positive observations. Six algorithms were compared:
Logistic Regression, Random Forest, XGBoost, Support Vector Machine (SVM), K-Nearest Neighbours
(KNN), and Artificial Neural Network (ANN). Multiple imbalance-handling strategies, including SMOTE,
class weighting, and cost-sensitive learning, were evaluated using five-fold cross-validation with rigorous
leakage prevention.

Results: Without imbalance handling, baseline models achieved high nominal accuracy (0.90-0.91) but
zero sensitivity for minority-class detection. XGBoost with SMOTE showed the most favourable
performance in this exploratory analysis (balanced accuracy: 0.889 ± 0.027; AUC: 0.956 ± 0.013),
although estimates remained unstable because of the small number of events (n=33). KNN with SMOTE
achieved comparable results (AUC: 0.914 ± 0.045), while Random Forest with SMOTE showed robust
performance with lower variance (AUC: 0.902 ± 0.013). SVM with SMOTE achieved moderate
performance (AUC: 0.833 ± 0.042). Logistic regression without balancing failed completely (recall=0.0),
whereas logistic regression

with SMOTE achieved an AUC of 0.733. ANN performance was sample-limited (AUC approximately
0.81). Models incorporating post-outcome variables produced artificially inflated but methodologically
invalid performance (AUC >0.98), demonstrating target leakage.

Conclusions: Ensemble methods with SMOTE can achieve promising discrimination using routine
clinical variables, but this work should be interpreted as feasibility methodology rather than a clinically
deployable tool. The small sample size, lack of external validation, and absence of calibration
assessment preclude current clinical use. For the planned birth cohort, adequate event accumulation,
rigorous temporal feature selection, and external validation remain essential prerequisites.

Background
Preeclampsia remains a leading cause of maternal and perinatal morbidity and mortality worldwide,
particularly in low- and middle-income countries (LMICs) [1, 2]. In Sri Lanka, despite near-universal
antenatal care coverage and historically low maternal mortality rates, hypertensive disorders of
pregnancy, including preeclampsia, continue to contribute substantially to maternal near-miss events,
medically indicated preterm birth, and perinatal morbidity [3, 4]. Global gains in maternal and newborn
survival have slowed in many LMICs, including settings with historically strong maternal health systems.
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Sri Lanka illustrates this challenge. Despite significant progress, further reductions in maternal morbidity
have plateaued in recent decades, particularly for complications driven by complex and interacting risk
pathways [1, 2, 5, 6]. Hypertensive disorders of pregnancy, prematurity, and congenital anomalies remain
leading contributors to maternal and perinatal morbidity and mortality, with persistent geographic, socio-
economic, and service-delivery disparities [2, 5].

Predicting preeclampsia in population-based cohorts presents distinct methodological challenges. True
cases are relatively rare, resulting in severe class imbalance, and available predictors are often limited to
variables feasible for large-scale routine data collection [7, 8]. Most existing machine learning models for
preeclampsia prediction have been developed using large datasets from high-income settings and
frequently rely on specialised biomarkers or investigations not routinely available in LMIC health systems
[9]. Their direct transfer to public-sector maternal health platforms in LMICs is therefore limited.

There is a critical need for contextually grounded evaluations of machine learning approaches that
explicitly address small sample sizes, extreme class imbalance, and deployment feasibility. Key
challenges include small sample sizes during early cohort phases, extreme class imbalance because
preeclampsia is uncommon, limited predictor availability in the absence of biomarkers in routine data,
the risk of data leakage when post-outcome variables are included as predictors, and uncertainty
regarding optimal algorithm selection under severe data constraints.

Accordingly, this study was undertaken as preparatory methodological work for a planned population-
based birth cohort, using preeclampsia as a representative and clinically important prediction module.
Using a small, highly imbalanced dataset derived from routine maternal records in the Western Province
of Sri Lanka (N = 343; preeclampsia cases = 33; 9.6% prevalence), we comparatively evaluated six
machine learning algorithms - Logistic Regression, Random Forest, XGBoost, Support Vector Machine, K-
Nearest Neighbours, and Artificial Neural Network - with SMOTE oversampling [10]. The objectives were
to identify the most effective algorithm based on all performance metrics, including stability; to provide
empirical guidance for algorithm selection under severe data constraints; and to establish benchmarks
for future model improvement as the birth cohort expands.

Methods

Study design, dataset and target variable
This retrospective analysis used data from 343 pregnant women recruited from all divisional health
areas (DHAs) in the Western Province of Sri Lanka, representing an early-phase convenience sample
from the planned population-based birth cohort. Inclusion criteria were residence in the Western
Province for at least five years, to support consistent long-term monitoring, and provision of informed
consent for comprehensive data collection throughout pregnancy and postpartum. Exclusion criteria
were planned relocation outside the province during pregnancy and insufficient familiarity with mobile
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technology, to ensure reliable digital data entry. These criteria were applied to ensure data quality and
completeness during the pilot phase of the cohort.

The target variable was preeclampsia diagnosis, with a patient-level binary outcome variable created as
Class 1 (preeclampsia positive) for patients with a preeclampsia diagnosis (coded as 2), and Class 0
(preeclampsia negative) for patients with no preeclampsia diagnosis (coded as 1). Class distribution
showed 310 patients (90.4%) in Class 0 and 33 patients (9.6%) in Class 1, yielding an imbalance ratio of
9.4:1. This 9.6% prevalence is consistent with preeclampsia rates in similar populations.

Feature selection
To simulate a genuine early prediction scenario and prevent target leakage, only six baseline variables
available at the time of early pregnancy registration were included as predictors. These features were
selected based on clinical relevance and availability in routine maternal records: maternal age in years
(age), since advanced maternal age is a known risk factor; body mass index in kg/m² (bmi), as obesity
increases preeclampsia risk; gravidity, the total number of pregnancies (grav), as primigravidity is
associated with higher risk compared with multiparity; parity, the number of births after 20 weeks (para),
since nulliparity increases risk; number of previous pregnancies (nrprecs), as a history of prior pregnancy
complications, such as previous preeclampsia, is a risk factor, although the available variable is only a
count and not a specific indicator of prior adverse outcomes; and number of previous births (prebrth),
since prior adverse birth outcomes increase subsequent preeclampsia risk, although the variable
captures only the number of previous births without specifying whether those births involved
complications.

Excluded variables to prevent target leakage included gestational age at delivery, intrauterine growth
restriction, delivery complications, and any variables not available at early pregnancy registration. This
exclusion is critical because including such variables would produce implausibly optimistic results and is
methodologically invalid for early prediction. No feature selection, such as ANOVA or recursive feature
elimination, was performed to avoid data-driven bias; the six features were prespecified based on clinical
availability.

Handling of class imbalance
The dataset exhibited substantial class imbalance (9.4:1 ratio). The Synthetic Minority Over-Sampling
Technique (SMOTE) was used to address this ( Fig. 1 )[10]. SMOTE generates synthetic samples for the
minority class by interpolating between existing minority-class samples along the line segments joining
K-Nearest Neighbours. It was selected because it is well established for tabular clinical data, avoids the
instability of generative models with very small sample sizes (n = 33 positive cases), and has been
validated in numerous imbalanced medical prediction tasks. SMOTE was applied exclusively to the
training data within each cross-validation fold. This critical step prevented synthetic samples from
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influencing the validation set and ensured realistic performance estimates. After SMOTE, the training set
achieved a 1:1 class ratio, with 310 positive synthetic samples added to the original 33 positive samples.

Feature scaling
Algorithms that rely on distance calculations (Logistic Regression, SVM, KNN, and ANN) require feature
scaling. StandardScaler, with zero mean and unit variance, was used. Scaling was performed within each
cross-validation fold, fitted on the training data and applied to the validation data, to prevent data
leakage. Tree-based algorithms (Random Forest and XGBoost) do not require scaling.

Machine learning and deep learning algorithms
Six algorithms representing different modelling paradigms were evaluated: Logistic Regression (LR), a
linear classifier requiring scaling, with parameters max_iter = 1000 and C = 1.0; Random Forest (RF), an
ensemble bagging method requiring no scaling, with parameters n_estimators = 100, max_depth = 5,
min_samples_split = 10, and min_samples_leaf = 5; XGBoost (XGB), an ensemble boosting method
requiring no scaling, with parameters n_estimators = 100, max_depth = 4, learning_rate = 0.1, subsample 
= 0.8, and colsample_bytree = 0.8; Support Vector Machine (SVM), a kernel-based method requiring
scaling, with kernel = RBF, C = 1.0, gamma='scale', and probability=True; K-Nearest Neighbours (KNN), a
distance-based method requiring scaling, with n_neighbors = 5, weights='distance', and
metric='euclidean'; and Artificial Neural Network (ANN), a deep learning method requiring scaling.

The ANN architecture consisted of an input layer with six features; hidden layer 1 with 64 neurons and
ReLU activation followed by batch normalisation and dropout; hidden layer 2 with 32 neurons and ReLU
activation followed by batch normalisation and dropout; hidden layer 3 with 16 neurons and ReLU
activation followed by batch normalisation and dropout; and an output layer with one neuron and
sigmoid activation. This architecture had 3,521 parameters (13.75 KB), including 3,297 trainable
parameters (12.88 KB) and 224 non-trainable parameters from batch normalisation layers. The training
configuration used the Adam optimiser with the default learning rate, binary cross-entropy loss function,
batch size of 32, and 50 epochs with early stopping based on validation loss. The rationale for including
ANN was that, while deep learning has shown substantial success in medical imaging and large-scale
data, its performance on very small tabular datasets (N < 1000) is poorly characterised. Including ANN
therefore provides an empirical answer to whether deep learning offers advantages over traditional
machine learning methods in this severely data-constrained setting [11, 12].

Experimental design
Each algorithm was evaluated in two configurations: baseline, with no imbalance handling, using raw
imbalanced data and no SMOTE, although for RF, SVM, and ANN, class_weight='balanced' was used in
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the baseline; and SMOTE-balanced, where SMOTE was applied to the training data only, or to the training
split for ANN, with scaling applied where required.

Cross-validation strategy and evaluation metrics
Five-fold cross-validation (5-fold CV) was used for all six models (LR, RF, XGB, SVM, KNN, and ANN). The
rationale for 5-fold CV was that it provides a robust estimate of model performance with a reasonable
number of folds. With 33 positive preeclampsia cases, each validation fold contained approximately 6–7
positive cases (33/5 approximately 6.6), which was considered sufficient for performance estimation
while maintaining 80% of data for training (275 samples, with SMOTE generating approximately 310
synthetic positive samples). Five-fold CV also provided five performance estimates, allowing calculation
of means and standard deviations.

The cross-validation procedure for each fold involved six steps: first, splitting data into training (4/5,
approximately 274 samples) and validation (1/5, approximately 69 samples); second, scaling features,
where required, using training data only; third, applying SMOTE to training data only, generating a
balanced 1:1 training set; fourth, training the model on the balanced training set; fifth, evaluating on the
original imbalanced validation set; and sixth, recording all metrics. This strict separation ensured that no
information from the validation set, either original or synthetic, leaked into model training. For the ANN,
the same 5-fold cross-validation procedure was applied. For each fold, the ANN was trained on the
balanced training set with SMOTE and evaluated on the original validation set, ensuring consistency
across all six models.

Performance was assessed using metrics appropriate for imbalanced classification: balanced accuracy
as the primary metric; AUC; recall, or sensitivity; precision, or positive predictive value; specificity; F1-
score; and stability, measured as the standard deviation across the five cross-validation folds. All metrics
for all six models are reported as mean ± standard deviation across the five folds.

Alignment with reporting and bias standards
This methodological feasibility study was structured with reference to the TRIPOD-AI (Transparent
Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis-Artificial Intelligence)
reporting principles and PROBAST-AI (Prediction model Risk of Bias Assessment Tool-Artificial
Intelligence) risk-of-bias considerations.

As an exploratory predictor-finding study (Type 1a), this work does not meet the requirements for full
clinical prediction model reporting (Type 2b or Type 3). Key TRIPOD-AI items not fulfilled in this study
include external validation (Item 10d), calibration assessment (Item 16), and model presentation for
clinical use (Items 18a-18c). PROBAST-AI domains with potential bias include small sample size, in the
participants domain (n = 33 events), and absence of calibration analysis, in the analysis domain. These
limitations are explicitly addressed in the Study limitations section.
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Results

Baseline performance without imbalance handling
Without class imbalance mitigation, all models performed unacceptably for the minority class
(preeclampsia). Table 1 summarises baseline performance using 5-fold CV.

Table 1
Baseline model performance without SMOTE (mean ± SD, 5-fold CV).

Model Accuracy Balanced
Accuracy

AUC Recall Precision F1-
Score

Logistic
Regression

0.90 ± 
0.01

0.50 ± 0.00 0.68 ± 
0.05

0.00 ± 
0.00

0.00 ± 
0.00

0.00 ± 
0.00

Random Forest* 0.78 ± 
0.05

0.58 ± 0.08 0.65 ± 
0.03

0.34 ± 
0.09

0.18 ± 
0.04

0.23 ± 
0.02

XGBoost 0.74 ± 
0.07

0.49 ± 0.05 0.57 ± 
0.03

0.03 ± 
0.06

0.10 ± 
0.04

0.13 ± 
0.05

SVM* 0.66 ± 
0.06

0.54 ± 0.10 0.61 ± 
0.08

0.39 ± 
0.21

0.12 ± 
0.06

0.18 ± 
0.09

KNN 0.86 ± 
0.04

0.50 ± 0.00 0.66 ± 
0.06

0.00 ± 
0.00

0.00 ± 
0.00

0.00 ± 
0.00

ANN* 0.88 ± 
0.02

0.52 ± 0.04 0.56 ± 
0.06

0.05 ± 
0.04

0.08 ± 
0.06

0.06 ± 
0.04

*Random Forest, SVM and ANN used the class_weight='balanced' parameter.

Key findings from the baseline experiments showed that Logistic Regression, KNN, and baseline
XGBoost completely failed to detect any preeclampsia cases (recall = 0) or detected very few cases
(ANN recall = 0.05). These models simply predicted the majority class for nearly all samples despite
achieving high overall accuracy, a classic pitfall of imbalanced classification. Random Forest with
class_weight='balanced' showed modest improvement (recall 0.34), but at the cost of very low precision
(0.18), meaning that most predicted preeclampsia cases were false positives. SVM with
class_weight='balanced' achieved the highest baseline recall among traditional machine learning models
(0.39), but with extreme variance (SD ± 0.21 across folds), indicating that performance was highly
dependent on which specific preeclampsia cases appeared in the training set. ANN with class weights
achieved minimal recall (0.05), essentially failing to learn the minority-class pattern despite the neural
network architecture. No baseline model achieved clinically acceptable performance because balanced
accuracy remained near 0.50, equivalent to random guessing, for most models. These findings
confirmed that SMOTE was essential for preeclampsia prediction.

Performance with SMOTE oversampling
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All performance metrics and confusion matrices reported in this section were calculated on the original
held-out validation data only, not on SMOTE-generated samples. SMOTE dramatically improved minority-
class detection across all algorithms. Table 2 presents the complete results for all six models with
SMOTE using 5-fold CV.

Table 2
Model performance with SMOTE (mean ± SD, 5-fold CV for all models).

Model Balanced
Accuracy

AUC Recall Precision Specificity F1-
Score

KNN 0.87 ± 0.07 0.91 ± 
0.05

0.88 ± 
0.10

0.86 ± 
0.06

0.86 ± 
0.05

0.87 ± 
0.07

XGBoost 0.89 ± 0.03 0.96 ± 
0.01

0.88 ± 
0.03

0.89 ± 
0.05

0.89 ± 
0.06

0.89 ± 
0.03

SVM 0.75 ± 0.05 0.83 ± 
0.04

0.83 ± 
0.09

0.72 ± 
0.04

0.67 ± 
0.07

0.77 ± 
0.05

Random Forest 0.82 ± 0.05 0.90 ± 
0.01

0.84 ± 
0.05

0.80 ± 
0.05

0.79 ± 
0.05

0.82 ± 
0.05

ANN 0.74 ± 0.03 0.81 ± 
0.04

0.73 ± 
0.06

0.75 ± 
0.04

0.75 ± 
0.05

0.74 ± 
0.03

Logistic
Regression

0.67 ± 0.02 0.73 ± 
0.03

0.67 ± 
0.05

0.67 ± 
0.03

0.67 ± 
0.06

0.67 ± 
0.02

Key findings from the SMOTE-balanced experiments showed that SMOTE dramatically improved
minority-class detection across all algorithms, transforming near-zero recall values into clinically useful
performance. XGBoost emerged as the optimal model, achieving the best balance between performance
and stability with balanced accuracy of 0.89 ± 0.03, AUC of 0.96 ± 0.01, recall of 0.88 ± 0.03, precision of
0.89 ± 0.05, and F1-score of 0.89 ± 0.03, with the smallest standard deviations among all models across
nearly every metric. While KNN achieved high point estimates (balanced accuracy 0.87, recall 0.88,
precision 0.86, F1-score 0.87, and AUC 0.91), it demonstrated poor stability, with standard deviations two
to three times larger than those of XGBoost (recall SD 0.10 vs. 0.03). This indicated high sensitivity to
which specific preeclampsia cases appeared in each validation fold, a critical limitation given the small
sample size of only 33 preeclampsia cases. Despite its architectural complexity with 3,521 parameters,
the ANN underperformed compared with XGBoost (AUC 0.81 vs. 0.96), confirming that deep learning
offered no advantage over XGBoost for small tabular preeclampsia prediction datasets. SVM achieved
high recall (0.83) but with wide variability (SD ± 0.09), while Random Forest underperformed relative to its
reputation (balanced accuracy 0.82), likely due to the very small sample size and simple feature set.
Logistic Regression performed worst among all algorithms (balanced accuracy 0.67), confirming that
linear decision boundaries were insufficient and that the relationship between the six features and
preeclampsia was non-linear. XGBoost also achieved the lowest number of false positives (FP = 33)
among all models, which is clinically important for avoiding unnecessary interventions in low-resource
settings (Fig. 2).
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Model selection decision
Model selection was based on a multi-criteria framework prioritising stability first, then discrimination,
and then clinical utility. Based on this framework, XGBoost with SMOTE and scaling was selected as the
optimal model, ranking first in the model selection matrix with a stability grade of "Good". It achieved the
smallest standard deviations among all top performers (SD range 0.013–0.050), the highest AUC among
all models at 0.956 ± 0.013 with excellent stability, the highest recall (0.884 ± 0.033) and precision
(0.895 ± 0.050) among stable models, and the lowest number of false positives (FP = 33) of any model.
KNN was rejected despite higher point estimates on some metrics because its large standard deviations
(recall SD = 0.100; balanced accuracy SD = 0.067) indicated overfitting. With only 33 preeclampsia cases,
its performance would likely degrade on new data. SVM was rejected because of high recall variance
(SD = 0.087) and instability. Random Forest was rejected because it was outperformed by XGBoost on all
key metrics. ANN was rejected because it underperformed XGBoost on all metrics (AUC 0.81 vs. 0.96)
while requiring substantially more computational resources, confirming that deep learning offered no
advantage for this small tabular dataset. Logistic Regression performed worst overall (AUC 0.73) and
was rejected, confirming that linear decision boundaries were insufficient for preeclampsia prediction
using these six features.

Discussion
This comparative study evaluated six machine learning algorithms for preeclampsia prediction using a
small, imbalanced dataset (N = 343; 33 cases) with only six routine features. Based on a multi-criteria
framework prioritising stability over point estimates, XGBoost with SMOTE was selected as the optimal
model (balanced accuracy 0.889 ± 0.027; AUC 0.956 ± 0.013). KNN achieved higher point estimates but
was rejected because of excessive variance (recall SD 0.10 vs. XGBoost SD 0.03), indicating overfitting
given only 33 positive cases. The ANN underperformed compared with XGBoost (AUC 0.81 vs. 0.96),
confirming no advantage for small tabular data. However, even the selected XGBoost model lacks
sufficient stability for clinical deployment; this study should be interpreted as a preparatory prototype
rather than a clinical tool.

XGBoost's superior performance stems from its regularisation, which helps prevent overfitting; its ability
to capture non-linear relationships, as supported by the inferior AUC of 0.73 for logistic regression; and
its efficient handling of SMOTE-augmented data. KNN was rejected because, with only 33 cases, it risks
memorising training examples and degrading on new data; this high variance makes it clinically
untrustworthy. The ANN failed because of insufficient sample size, with 3,521 parameters far exceeding
the dataset's information content, poor suitability for small tabular data compared with tree-based
methods, and inefficient use of synthetic samples.

Previous machine learning studies for preeclampsia prediction have reported higher performance
metrics, such as Wang et al [13]. (AUC 0.884; N = 4,644 with biomarkers), Maric et al. [14] (AUC 0.892; N 
= 16,370 with routine laboratory data), and Jhee et al [15]. (AUC 0.973; N = 11,006 with laboratory tests).

Page 10/15



However, direct comparison with these studies is inappropriate because they had 10–50 times larger
sample sizes and 100–500 times more preeclampsia cases, access to biomarkers and laboratory tests
not available in our routine-data setting, and were conducted in high-income settings (China, United
States, and Republic of Korea) with different healthcare infrastructures. Our study answers a different
question: what is the optimal algorithm for preeclampsia prediction under extreme data constraints (N = 
343; six features; no biomarkers; 33 preeclampsia cases) typical of early-phase cohort development in
LMICs? The answer from this analysis is XGBoost with SMOTE, achieving an AUC of 0.96 with excellent
stability.

Study limitations
This study has several key limitations. The small sample size (N = 343; only 33 preeclampsia cases) is
the central limitation, restricting statistical power and generalisability even with 5-fold CV and SMOTE.
No external validation was performed; therefore, results may not generalise to other regions or future
cohorts. External validation using an independent dataset is mandatory before clinical use. Only six
baseline features were available, and additional predictors, such as blood pressure trends and family
history, would likely improve performance. Calibration was not assessed because of the small event
number (n = 33), meaning that the model should not be used to generate individual risk probabilities.
Calibration slope, intercept, plots, and Brier score should be assessed once the sample size permits.
Finally, SMOTE-generated synthetic samples may not fully represent real biological variation in
preeclampsia risk factors [16].

Implications for practice and future research
This study is currently limited to cohort-methodology testing and is not suitable for clinical use. If
validated in future large-scale studies, the model could support early pregnancy risk stratification to
guide antenatal follow-up intensity, rather than diagnosis or independent clinical decision-making.
Among the tested approaches, XGBoost with SMOTE is recommended for early cohort phases because
of its better stability and generalisation, while KNN and ANN are not suitable at smaller sample sizes.
Future research should focus on increasing sample size, conducting external validation, incorporating
additional clinical and longitudinal predictors, and performing calibration, decision curve analysis, and
prospective real-world validation before any clinical implementation.

Conclusions
This study evaluated six machine learning algorithms for preeclampsia prediction using a small,
imbalanced dataset (N = 343; 33 cases) with six routine features. XGBoost with SMOTE demonstrated
the most favourable performance (balanced accuracy 0.889 ± 0.027; AUC 0.956 ± 0.013) with the
smallest standard deviations, while KNN showed higher point estimates but poor stability, indicating
overfitting. ANN underperformed compared with XGBoost (AUC 0.81 vs. 0.96), and logistic regression
confirmed non-linear relationships (AUC 0.73). However, with only 33 preeclampsia cases, even the
XGBoost model lacks sufficient stability for clinical deployment. This study serves as a preparatory
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methodological prototype for algorithm selection and stability-focused evaluation in the planned birth
cohort. External validation and sample size expansion to 5,000–10,000 participants are mandatory
before any clinical implementation. All metrics were calculated on original held-out validation data, not
on SMOTE-generated samples.
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Figure 1

Class distribution before and after SMOTE oversampling.

Figure 2

Performance of the selected XGBoost model with SMOTE across 5-fold cross-validation.
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