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ABSTRACT

Maternal mortality is a topical health issue worldwide, especially in low-resource
states where few developed diagnostics exist. To minimize morbidity, it is
imperative to detect risks early; however, the current models often sacrifice the
clinical imperative of sensitivity at the altar of predictive accuracy. Subsequently,
a Sensitivity-Aware Ensemble Framework was proposed to address this issue and
predict maternal health risks based on routine physiological parameters. The
framework uses a soft-voting ensemble of three gradient-boosting classifiers,
namely CatBoost, XGBoost, and LightGBM, all of which are strictly calibrated
to alleviate class imbalance. The methodology also involves Multivariate
Imputation by Chained Equations (MICE) to establish sound data handling and
sets sensitivity-based decision boundaries to enable screening-based
implementation. The results of the application to the UCI Maternal Health Risk
data (n=1,014) have an Area Under the Curve (AUC) of 0.96 with a recall of 0.81,
which exceeds the performance of the individual constituent models. Moreover,
SHAP (Shapley Additive explanation) analyses also showed that the most
common predictors were blood glucose and systolic blood pressure, which
enabled clinicians to have a clear explanation of why they made a decision. Taken
together, these findings indicate that a sensitivity-oriented ensemble learning
system supplemented with explainability instruments can provide concrete

screening assistance for maternal care in resource-limited settings.

1 INTRODUCTION

Maternal mortality is one of the most urgent health issues
globally, reflecting deep disparities in access to
healthcare facilities and quality of care [1], [2].
According to the World Health Organization (WHO),
approximately 295,000 women die annually from
pregnancy-related complications, with the vast majority
occurring in Low- and Middle-Income Countries
(LMICs) [3]. Many of these deaths could be prevented
through the early detection of risk factors, such as
hypertensive disorders, gestational diabetes mellitus, and
cardiovascular complications [4].

In recent years, the proliferation of low-cost
physiological monitoring devices and the Internet of
Medical Things (IoMT) has enabled the collection of
maternal health data in resource-limited environments
[5]. Parameters such as blood pressure, blood glucose
level, heart rate, and body temperature were routinely
measured. However, translating these measurements into
actionable risk assessments remains difficult because of
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variations in patient profiles, data noise, and class
imbalances [6].

1.1  Research Gap

While Machine Learning (ML) techniques have shown
promise in identifying nonlinear relationships in clinical
data [7], [8], the existing literature exhibits two critical
limitations. First, most studies prioritize overall
Accuracy or AUC, neglecting recall (sensitivity). In a
clinical screening context, a false negative (missing a
high-risk pregnancy) is far more dangerous than a false
positive [9]. Second, many "black-box" models lack
interpretability, failing to provide the "why" behind a
prediction, which is essential for clinical trust and
adoption [10].

1.2 Contribution

To address these gaps, this study presents a Sensitivity-
Aware Ensemble Framework. The novel contributions
of this study are as follows:
1. Ensemble Design: A soft-voting framework
integrating ~ CatBoost, = XGBoost,  and
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LightGBM to reduce the variance and improve
generalizability.

2. Sensitivity Calibration: Unlike standard
classifiers that use a default threshold of 0.5, we
implemented a Recall-Calibrated Decision
Threshold specifically designed to minimize
false negatives in high-risk cases.

3. Explainability: We integrated SHAP analysis
to visualize nonlinear dependencies, such as the
threshold effects of blood glucose, ensuring that
the model aligns with biological plausibility.

2  RELATED WORK

During the early development of maternal health risk
stratification, researchers mainly used the conventional
statistical paradigm, especially logistic regression and
Naive Bayes [11]. Although such approaches provide a
water table, they expose them to limited predictive acuity
whenever they are faced with the multifaceted, non-
linear physiological interdependencies that characterize
populations in the obstetric context [12].

New studies conducted in 2023 and 2024 indicate an
overarching shift toward ensemble learning techniques.
Experimental data have shown that gradient-boosting
models, such as XGBoost and LightGBM, outperform
single decision tree models in terms of obstetric danger
prognostication [13], [14]. For example, Ahmed et al.
[15] have proven the possibility of IoT-based data
capture but indicated persistent barriers that are
concerned with the integrity of data. In line with this,
hybrid deep-learning frameworks have been suggested
[16], although they have a significant resource-intensive
input that makes them inapplicable in rural edge-
computing settings.

Despite this methodological advancement, the literature
on the specific calibration of decision thresholds to
generate maximum sensitivity in maternal health settings
remains limited [17]. In addition, although explainable
artificial intelligence (XAI) has become increasingly
popular, only a small number of studies have effectively
incorporated high-performance ensemble models with
delicate and field-specific feature-importance studies
[18].

Recent studies have explored hybrid and ensemble-based
maternal health risk prediction across diverse clinical
and IoT-driven settings, further highlighting the growing
interest in sensitivity-aware and explainable models [11],
[12], [16], [21], [24], [26], [30].

3 RESEARCH METHOD

3.1  Dataset Description
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This study utilized the UCI Maternal Health Risk dataset,
which comprised 1,014 records collected from rural
healthcare facilities. Each entry includes six key
physiological signs: Age, Systolic Blood Pressure
(SystolicBP), Diastolic Blood Pressure (DiastolicBP),
Blood Glucose (BS), Body Temperature (BodyTemp),
and Heart Rate. The target variable was discretized into
a binary classification of high-risk versus non-high-risk
to support triage decision-making.

3.2 Preprocessing

To ensure data quality and prevent information leakage:

1. Multivariate Imputation (MICE): We used

MICE rather than mean imputation because the

physiological variables are correlated (e.g.,

Systolic and Diastolic BP). MICE preserves

these relationships, resulting in more realistic
synthetic data.

2. Robust Scaling: Physiological data often
contain outliers (e.g., glucose spikes). We
applied Robust Scaling using the Interquartile
Range (IQR) to normalize features without
being skewed by extreme values. Note: Scalers
were fitted only on the training folds to avoid
leakage.

Standard
Deviation

\Age (years) 298 [[13.4 |10

Systolic
Blood

Pressure
(mmHg)

Feature Mean Minimum||Maximum

170

113.1)18.4 70 160

Diastolic
Blood

Pressure
(mmHg)

Blood
Glucose 8.7 3.2 6.0 19.0
(mmol/L)
Body
Temperature |98.6 ||1.3 98 103
()

Heart Rate
(beats  per||74.3 ||8.0 7 90
minute)

76.4 |]13.8 49 100

3.3 Proposed Ensemble Framework

We employed a soft-voting ensemble framework
comprising three gradient-boosting base learners:
CatBoost, XGBoost, and LightGBM. These models were
selected because of their complementary strengths in
handling nonlinear feature interactions, robustness to
heterogeneous clinical data, and strong generalization
performance on structured datasets.
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Fig. 1. The proposed sensitivity-aware ensemble
workflow including MICE imputation, weighted base
learners, and recall-calibrated thresholding

Figure 1 illustrates the overall sensitivity-aware
ensemble  workflow, which encompasses data
preprocessing via MICE imputation, training of class-
weighted base learners, probabilistic ensemble
aggregation, recall-oriented threshold calibration, and
post-hoc interpretability analysis.

3.4 Soft-Voting Ensemble Formulation

Unlike hard voting, which relies on discrete class labels,
the soft-voting ensemble aggregates the posterior
probability estimates generated by each base classifier.
Let C;denote the i-th classifier and P(C;)its predicted
probability for the positive (high-risk) class. The final
ensemble probability is computed as

N
1
Pripa = NZ P(Cy)
=

where Ndenotes the number of base learners.
This probabilistic aggregation preserves prediction
confidence and reduces inter-model variance, enabling
finer control over decision thresholds and improved
robustness in safety-critical screening tasks [19].
Threshold Calibration:

To prioritize sensitivity in a screening context, the
decision boundary was shifted from the conventional
probability threshold of 0.5. The classification threshold
T was calibrated using the training data within cross-
validation to achieve a target recall of at least 0.85. This
calibrated threshold was then fixed and applied
consistently during the evaluation, ensuring that high-
risk maternal cases were reliably identified while
preventing information leakage and maintaining
deployment realism.

4 RESULTS AND DISCUSSION

4.1  Performance Comparison

The ensemble model was evaluated using Stratified 5-
Fold Cross-Validation. Table 2 demonstrates that the
ensemble approach outperforms the individual base
learners, particularly in terms of AUC and Stability.
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Model Accuracy||Precision||Recall g:;re AUC
IXGBoost [0.89  ]lo.88  ]/0.76 |0.81 ]/0.93 |
ILightGBM [0.91  ]0.89  ]/0.78 [0.83 ]/0.94 ]
[CatBoost [0.91  Jlo.90 .79 ][0.84 ]/0.94 ]
Proposed

Eneootle 093 0.92 0.81 [0.86 [|0.96

The ensemble achieved the highest AUC (0.96),
indicating superior discrimination capability. Crucially,
the Recall of 0.81 confirms the model's utility for
screening.

Fig. 2. ROC Curve of the Ensemble Model
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Fig. 2. ROC curve illustrating the discrimination
capability of the ensemble model.

4.2 Handling Class Imbalance

The Precision-Recall curve (Fig. 3) highlights the trade-
off management. Despite the dataset imbalance, the
model maintained high precision, even at higher recall
levels.

Fig. 3. Precision-Recall Curve
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Fig. 3. Precision—recall curve highlighting the trade-
offs for class imbalance.
The confusion matrix (Fig. 4) further validates this,
showing a low rate of false negatives for the high-risk
class.
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Fig. 4. Confusion Matrix (Fixed Clinical Threshold)
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Fig. 4. Confusion matrix with fixed clinical threshold
4.3 Reliability and Calibration

Deployment in healthcare requires well-calibrated
probability. Fig. 5 demonstrates that the predicted
probabilities closely align with the observed event
frequencies.

The calibration curve demonstrates that the predicted
probabilities closely align with observed outcome
frequencies, indicating reliable probability estimates and
suitability for clinical screening deployment.

Fig. 5. Calibration Curve of the Ensemble Model
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Fig. 5. The calibration curve indicates the agreement
between the predicted and observed probabilities.

4.4 Interpretability Analysis

Using SHAP, we identified that Blood Glucose (BS) was
the most significant predictor, followed by Systolic BP.
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Fig. 6. SHAP Summary Plot of Feature Contributions
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Fig. 6. SHAP Summary Plot ranking feature
importance.
The dependence plot (Fig. 7) reveals a sharp increase in
risk when blood glucose exceeds ~12 mmol/L, aligning

with the clinical thresholds for gestational diabetes.
Fig. 7. SHAP Dependence Plot for BS
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Fig. 7. SHAP Dependence Plot for Blood Glucose.

4.5  Discussion

The results validate that ensemble learning can
effectively triage maternal-health risks. By optimizing
for sensitivity, we addressed the "deployment gap"
where models with high accuracy but low recall are
unsafe for clinical use. However, there are some
limitations to this The dataset was relatively small
(n=1,014) and cross-sectional. Overfitting risks were
mitigated via cross-validation and robust scaling;
however, external validation on multi-site data is
required before widespread adoption [20].

5 CONCLUSION

This study proposed a Sensitivity-Aware Ensemble
Framework for maternal health risk prediction. By
integrating CatBoost, XGBoost, and LightGBM with a
recall-calibrated threshold, the model achieved an AUC
of 0.96 and a recall of 0.81. The integration of SHAP
values provides the necessary transparency for
healthcare workers. Future Work: We aim to validate
this framework on larger longitudinal datasets and

SystolicBP
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develop a lightweight version suitable for deployment on
edge devices in rural [oT health networks.
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