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Abstract: Maternal deaths and pregnancy-related complications remain pressing global health concerns, especially in developing 

nations, where the ability to recognize high-risk pregnancies at an early stage plays a decisive role in clinical outcomes. 

Conventional risk evaluation techniques generally depend only on structured clinical measurements, which restricts their capacity 

to uncover complex and multidimensional patterns embedded in maternal health information. To overcome this shortcoming, the 

present research introduces an innovative hybrid framework named the Neuro-Boosting Fusion Network (NBFN), which combines 

deep learning with gradient boosting to enhance the accuracy of maternal risk estimation. The proposed system utilizes a Keras-

based Convolutional Neural Network (CNN) to derive high-level visual descriptors from medical images and a Dense Neural 

Network (DNN) to represent structured clinical attributes such as maternal age, blood pressure readings, haemoglobin 

concentration, gestational duration, and obstetric history. These extracted representations are subsequently merged and passed to 

an Extreme Gradient Boosting (XGBoost) classifier for final decision-making. Clinical records were retrieved from the UCI 

Maternal Health Risk Dataset, whereas ultrasound imagery was obtained from openly accessible Kaggle repositories. Experimental 

evaluation revealed that the NBFN attained an accuracy of 95.8%, recall of 94.9%, and an AUC of 0.97, surpassing all comparative 

baseline methods. The framework represents a scalable, interpretable, and clinically viable decision-support system aimed at 

strengthening maternal healthcare outcomes. 
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1. Introduction 

Maternal death continues to represent one of the most pressing challenges in global public health and stands as 

a reliable measure of the quality of healthcare services, the well-being of women, and overall socioeconomic progress. 

It reveals how effectively health systems deliver accessible and timely care throughout pregnancy, delivery, and the 

postnatal period. Despite considerable progress in maternal healthcare during recent decades—driven by 

improvements in medical technology, hospital-based deliveries, and antenatal support programs—avoidable maternal 

deaths continue to occur at troubling levels, particularly across low- and middle-income regions. As reported by the 

World Health Organization, nearly 287,000 women lost their lives in 2020 as a result of complications during 

pregnancy or childbirth, and about 95% of these fatalities took place in areas with limited resources. Such figures 

underline that maternal death is not merely a clinical matter but also a broader societal and developmental issue closely 

tied to poverty, inequity, and weak healthcare systems. 

The reasons behind maternal deaths are usually multifaceted, involving conditions such as excessive bleeding, 

hypertensive complications like pre-eclampsia and eclampsia, infections, obstructed labor, embolism, unsafe 

termination of pregnancy, and complications linked to pre-existing chronic illnesses. In many developing regions, 



 

511 

these problems are worsened by late recognition of warning signs, weak referral and transport networks, shortages of 

trained healthcare staff, limited diagnostic capabilities, and restricted access to emergency obstetric services. The 

widely known "Three Delays Model"—which describes delays in deciding to seek care, in reaching a healthcare 

facility, and in receiving proper treatment—continues to explain a large share of maternal mortality in resource-poor 

environments. 

In response to these persistent issues, the United Nations set Sustainable Development Goal (SDG) 3.1, which 

targets reducing the global maternal mortality ratio to below 70 deaths per 100,000 live births by 2030 [20]. Meeting 

these objective calls for innovative, technology-based approaches that can support healthcare providers in identifying 

and managing high-risk pregnancies at an early stage. Moreover, the rapidly growing volume and complexity of 

healthcare information generated through electronic medical records, diagnostic imaging, laboratory testing, and 

physiological monitoring devices have introduced new obstacles that traditional analytical techniques struggle to 

handle. 

Among the various artificial intelligence methods, deep learning has attracted significant interest owing to its 

ability to automatically identify meaningful patterns from both structured and unstructured medical data. Deep neural 

architectures can learn layered representations from clinical notes, laboratory reports, ultrasound images, and sensor-

based physiological readings, thereby offering better predictive accuracy compared to conventional statistical 

techniques. Libraries such as Keras [13], which operate on top of TensorFlow, offer versatile and effective tools for 

constructing deep learning models capable of processing extensive medical datasets. Transparency and interpretability 

hold particular importance in maternal healthcare, since clinicians must be able to justify their decisions, assess 

contributing risk factors, and safeguard patient well-being during pregnancy and delivery. Models that lack 

interpretability may generate hesitation in clinical settings, especially when handling life-threatening maternal 

complications that demand rapid intervention. 

XGBoost is a highly efficient gradient-boosted decision tree method that can effectively manage missing data, 

nonlinear associations, and high-dimensional inputs while remaining computationally efficient. Integrating these 

approaches has the potential to enhance predictive precision while preserving clinically meaningful explanations, 

making them well-suited for practical healthcare deployment. 

This present study proposes a Neuro-Boosting Fusion Network for maternal mortality and morbidity risk 

prediction. The proposed framework integrates Keras-based [13] deep learning with CNN [15] and XGBoost 

classification to create an intelligent and interpretable maternal risk assessment system. In this architecture, Keras [13] 

is employed to perform advanced feature extraction from clinical and imaging data, enabling the model to learn 

complex representations of maternal health indicators. These extracted features are subsequently processed using 

XGBoost, which serves as the final predictive layer for classification and risk estimation. By combining deep neural 

representation learning with boosted decision-tree optimization, the framework aims to enhance prediction accuracy, 

improve generalization performance, and provide better interpretability for clinical use.  

Therefore, proposed study not only focuses on improving predictive performance through hybrid artificial 

intelligence techniques but also aims to contribute toward safer and more interpretable maternal healthcare systems. 

By addressing both accuracy and explainability, the proposed Neuro-Boosting Fusion Network seeks to bridge the 

gap between advanced computational intelligence and practical clinical implementation in maternal healthcare. 

2. Literature Review 

In recent years, artificial intelligence (AI) and machine learning (ML) technologies have emerged as 

transformative tools in healthcare because of their ability to analyse large and complex datasets with high accuracy 

and efficiency. AI-based predictive systems can identify hidden relationships and nonlinear interactions among 

multiple clinical variables, enabling earlier detection of disease risk and supporting personalized medical decision-

making. Within maternal healthcare, machine learning approaches have demonstrated promising results in predicting 

pregnancy complications such as gestational diabetes, pre-eclampsia, preterm birth, fetal distress, and maternal 
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morbidity. These technologies help in assisting healthcare professionals in making faster, more accurate, and 

evidence-based clinical decisions. 

Qingfeng Li et.al. (2025) [1] developed machine learning (ML) models to predict Severe Maternal Morbidity 

(SMM) using administrative hospital discharge data from 261,226 delivery hospitalizations in Maryland (2016–2019). 

The study compared multiple ML algorithms and found that the LASSO model achieved the highest predictive 

performance with an AUC of 0.80, outperforming the logistic regression model (AUC = 0.71). The findings also 

revealed significant disparities in SMM among women from low-income communities, those with public insurance, 

non-Hispanic Black women, and non-English speakers. The study demonstrated the feasibility of using ML with 

administrative healthcare data for early SMM prediction. However, the models exhibited low recall, indicating limited 

ability to identify all SMM cases, highlighting the need for more robust predictive models and improved strategies to 

address healthcare disparities. 

Vasudevan et al. (2025) [2] conducted a comprehensive scoping review to evaluate the application of machine 

learning (ML) models for predicting maternal morbidity and mortality using electronic medical records (EMRs). The 

review systematically analysed 39 studies selected from an initial pool of 480 publications, with most studies 

originating from the United States, China, and Israel. The findings indicated that ML models were primarily developed 

to predict pregnancy and delivery-related complications, particularly hypertensive disorders of pregnancy, gestational 

diabetes, and postpartum haemorrhage. Boosting algorithms were the most frequently employed predictive models, 

and the Area Under the Precision–Recall Curve (AUPRC) was the most commonly reported performance metric. 

Despite the growing number of predictive models, the review identified a significant gap in the translation of these 

models into routine clinical practice, as none of the included studies reported the implementation of ML-based 

decision-support systems or evaluated factors influencing their clinical adoption. The authors concluded that while 

ML demonstrates considerable potential for improving maternal risk prediction, further research is required to 

facilitate its integration into real-world obstetric care. 

Lykke et.al. (2021) and Gao et.al. (2020) [3][4] have shown that XGBoost consistently outperforms traditional 

logistic regression in maternal risk prediction, often achieving accuracies above 90% while keeping both bias and 

variance in check. Beyond raw accuracy, these models also offer feature importance scores, which give clinicians at 

least a partial view into what's driving predictions. That said, tree-based models on their own are limited to structured 

inputs—they cannot directly process medical imagery, waveform data, or unstructured clinical notes, which leaves a 

significant portion of patient information untouched [9][10]. 

Al Mashrafi et.al. (2024) [5] this paper explored the use of machine learning (ML) techniques for maternal risk 

classification based on a nationwide maternal mortality dataset from Oman, which include 402 maternal death records 

between 1991 and 2023. The study compared ten ML algorithms, including Decision Tree, Random Forest (RF), K-

Nearest Neighbors, Naïve Bayes, XGBoost, Logistic Regression, Support Vector Machine, and Artificial Neural 

Network, with and without Principal Component Analysis (PCA) for dimensionality reduction. Model performance 

was evaluated using accuracy, precision, sensitivity, and F1-score. Among all the algorithms tested, the Random 

Forest model combined with PCA achieved the best performance, with an accuracy of 75.2%, precision of 85.7%, and 

an F1-score of 73%. The study demonstrated the effectiveness of ML-based approaches for maternal risk prediction 

and highlighted the potential of Random Forest as a reliable decision-support tool for early identification of high-risk 

pregnancies and timely clinical intervention to reduce maternal mortality. 

Liu et al. (2023) [6] introduced an Explainable Boosting Machine (EBM) for forecasting major pregnancy-

related complications such as severe maternal morbidity, shoulder dystocia, preterm preeclampsia, and antepartum 

stillbirth. The EBM was benchmarked against deep neural networks, random forests, and logistic regression through 

external validation and robustness testing. The results showed that EBM matched the predictive strength of black-box 

ML models while surpassing logistic regression and providing much better interpretability. The transparent nature of 

EBM allowed for the identification of clinically relevant risk indicators—such as maternal height being linked to 

shoulder dystocia—delivering meaningful insights into the drivers of adverse pregnancy outcomes. The authors 
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concluded that EBM holds strong promise as a clinical decision-support tool, enabling early risk detection and prompt 

preventive care. 

Majumder et.al. (2022) [7] demonstrated that Artificial Neural Networks (ANNs) can attain classification 

accuracies of approximately 93.3% when predicting pregnancy complications, exceeding the performance of earlier 

cross-sectional ML techniques—particularly in detecting extreme preterm birth risk. Other research has utilized CNN-

based pipelines for fetal ultrasound and placental image analysis, further reinforcing deep learning's usefulness in 

handling unstructured clinical data. The main drawback, however, lies in interpretability. Deep networks are widely 

regarded as opaque, and in clinical environments where physicians must justify every therapeutic action, that lack of 

transparency becomes a serious obstacle to adoption. This partly explains why most deep learning solutions in 

maternal health remain in the research stage rather than reaching daily bedside use [11]. 

Mhyre et.al. (2020) [8] performed one of the more influential clinical evaluations of maternal warning triggers 

and drew attention to a notable contrast: manual scoring systems such as the Modified Early Obstetric Warning System 

(MEOWS) demonstrate reasonable sensitivity (67.1%) but suffer from limited specificity (51.2%). In practice, this 

low specificity produces a large number of false alerts, and clinicians eventually begin ignoring them—a phenomenon 

known as alarm fatigue. Automated Early Warning Systems (AI-EWS) attempt to correct this by raising specificity 

above 90% while retaining sensitivity, ensuring that generated alerts hold real clinical meaning. Nevertheless, most 

current AI-EWS implementations still rely primarily on structured vital signs and do not fully incorporate imaging, 

laboratory data, or postpartum information, restricting the completeness of their risk assessments. 

3. Research Gap 

Based on the reviewed literature, the following research gaps have been identified: 

a) Existing models predominantly work with numerical inputs (vital signs, laboratory results) and overlook 

essential information such as ultrasound images, cardiac rhythm data, and physician' written notes. 

Frameworks capable of seamlessly combining these diverse data sources are still lacking 

b) Ensuring fair and generalizable predictions remains challenging, since models trained on data from a single 

hospital often fail to perform reliably in other settings, and there is limited evidence confirming their fairness 

across various racial, economic, and community groups. 

c) Most existing studies concentrate on predicting individual pregnancy complications rather than offering a 

unified framework capable of assessing both maternal morbidity and maternal mortality together. 

d) Building Systems that are practical and user-friendly for clinical staff remains an under- addressed area. 

e) There is a pressing need for hybrid, interpretable and multimodal AI system that integrate multiple data types 

and algorithms to improve prediction accuracy and enable timely clinical decision-making. 

4. Proposed Architectural Design 

The proposed Neuro-Boosting Fusion Network (NBFN) is a hybrid multimodal deep learning framework 

developed for the early prediction of maternal mortality and morbidity risks. The architecture design integrates a 

Keras-based [13] Convolutional Neural Network (CNN) for extracting visual features from medical images, a Dense 

Neural Network (DNN) for learning representations from structured clinical variables, and an Extreme Gradient 

Boosting (XGBoost) classifier for final risk prediction. Through the fusion of diverse data modalities, the framework 

captures complementary diagnostic information, resulting in improved predictive performance and stronger clinical 

decision support.  

This architecture is organised into four stages: 

a) Multimodal Feature Extraction. 

b) Multimodal Feature Fusion 
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c) Neuro-Boosted Stage 

d) Output Layer 

The complete architecture is illustrated in Fig. 1. 

 

Figure 1:Neuro-Boosting fusion Network (Keras + CNN + XGBOOST) 

In this model, structured clinical dataset was retrieved from the UCI Machine Learning Repository while 

ultrasound images were obtained from publicly available Kaggle datasets [11] – specifically the Maternal Health Risk 

Dataset (ID-863) containing 1,014 real patient records [10]. This dataset includes maternal health parameters such as 

age, systolic blood pressure, diastolic blood pressure, blood glucose level, body temperature, and heart rate. These 

variables are collected from rural Bangladesh (2020) through an IoT-based maternal health monitoring system. By 

combining structured clinical values with medical imaging data, the model can effectively learn both physiological 

and anatomical characteristics linked to adverse maternal outcomes. 

a) Multimodal Feature Extraction – Multimodal feature Extraction comprises into two parts, i.e. image feature 

Extraction and Clinical Feature extraction. 

• Image Feature Extraction - Medical images are resized to 224 × 224 × 3 and processed using a Keras-based CNN. 

The image processing pipeline includes consecutive Conv2D-ReLU, MaxPooling2D layers followed by a Global 

Average Pooling (GAP) layer that generate a condensed representation of the input image. 

     The extracted image feature vector is represented as: - 

           [ Fimg ∈ ℝ1024
 ]  

    Where:  

  Fimg - denotes the CNN-extracted image feature vector 

  ∈ - belongs to 

  ℝ - denotes the set of real numbers, and ℝ1024
- indicates that the feature vector contains 1024 real-valued 

features. 

• Clinical Feature Extraction - Structured maternal clinical parameters are processed independently using a fully 

connected Dense Neural Network build in Keras. The network contains three hidden layers consisting of 64, 32, 

and 16 neurons with ReLU activation functions. 

  The output of the final hidden layer forms the clinical feature representation 

                [ Fclin ∈ ℝ16
]      where, 
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  Fclin - Represents the clinical feature vector generated by the Dense Neural Network (DNN).  

  ∈ - belongs to.  

  ℝ - the set of real numbers.  

   ℝ16- Indicates that the feature vector contains 16 real-valued features (dimensions). 

b) Multimodal Feature Fusion - The image-derived and clinical-derived feature vectors are combined through 

concatenation into a unified multimodal representation:  

          [ Ffusion=Fimg⊕Fclin ] 

This fused representation combines deep visual and clinical information into a single vector used for final 

classification. 

c) Neuro-Boosting Stage - This fused feature vector is passed to an Extreme Gradient Boosting (XGBoost) classifier, 

which applies to addictive gradient boosting to generate the final maternal risk prediction. Core Equation of the 

proposed model (Regularized Boosting Objective): 

𝑳(𝝓) = ∑ 𝒍(𝒚𝒊, 𝒚̂𝒊)
𝒏
𝒊=𝟏 + ∑ 𝜴(𝒇𝒌)

𝒌
𝒌=𝟏  , where  𝛀(𝒇) = 𝜸𝑻 +

𝟏

𝟐
𝝀 ∣∣ 𝒘 ∣∣𝟐 

this equation defines the overall learning objective of the Neuro-Boosting Fusion Network's XGBoost stage. It 

consists of two essential components: 

• Loss-Term = ∑ 𝑙(
𝑛

𝑖=1
𝑦𝑖 , 𝑦̂𝑖) : 

These measures how accurately the model predicts accuracy for maternal risk categories. Here, 𝑦𝑖  represents 

the actual risk category (High, Moderate, or Low), and 𝑦̂𝑖  represents the predicted output generated from the 

fused feature vector 𝐹𝑐𝑙𝑖𝑛 . The function l calculates the gap between the true and predicted risk levels, 

guiding the training process toward minimizing prediction error. 

• Regularization Term = ∑ Ω(
𝐾

𝑘=1
𝑓𝑘) : 

This term constrains the complexity of each decision tree 𝑓𝑘  within the ensemble to prevent overfitting. 

Here, T denotes the number of leaves in the tree, w refers to the vector of leaf weights, γ penalizes an 

excessive number of leaves (favouring simpler trees), and λ discourages large leaf weights (promoting 

smoother predictions). 

Combined, these components ensure a proper equilibrium between accuracy and generalization, allowing the 

model to deliver stable predictions on unseen maternal data. This regularized boosting formulation enables the NBFN 

to achieve both strong accuracy and robust interpretability in real-world clinical use. 

d) Output Layer - The proposed Neuro-Boosting Fusion Network concurrently predicts two clinically relevant 

outcomes: 

• Maternal Mortality Risk: Low, Moderate, and High 

• Maternal Morbidity Risk: Low, Moderate, and High 

These outputs assist clinicians in identifying high-risk pregnancies and initiating timely medical interventions. 

Algorithmic Workflows 

The operational workflow of the proposed framework as shown in Figure 1 is summarized as follows: 

Advantages of the Proposed Framework 
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The proposed Neuro-Boosting Fusion Network offers several benefits compared to traditional maternal risk 

prediction models: 

• Multimodal Integration: Combining imaging and clinical data for a comprehensive risk profile. 

• Deep Representation Learning: Uses CNN and Dense networks to capture hierarchical feature patterns. 

• Robust Classification: XGBoost delivers strong accuracy, effective regularization, and resistance to 

overfitting. 

• Improved Interpretability: XGBoost supports feature importance analysis, enhancing clinical trust. 

• Scalability: Built with Keras (TensorFlow [14] backend) and XGBoost, allowing for feasible deployment in 

various healthcare environments. 

5. Results and Interpretation 

The proposed Neuro-Boosting Fusion Network (NBFN) was developed using Keras for the CNN 

and XGBoost for the final classification stage. The dataset was split into 80% training and 20% testing. Model 

performance was measured through Accuracy, Precision, Recall, F1-Score, and Area Under the ROC Curve (AUC). 

The proposed model was compared with baseline algorithms including Logistic Regression, Random Forest, Support 

Vector Machine (SVM), Artificial Neural Network (ANN), and standalone XGBoost. 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC 

Logistic 

Regression 
78.4 76.5 74.9 75.6 0.79 

SVM 82.1 80.7 79.4 80.0 0.83 

Random Forest 86.5 85.3 84.6 84.9 0.88 

ANN 89.2 88.6 87.9 88.2 0.91 

XGBoost 

(Standalone) 
91.4 90.8 90.1 90.4 0.93 

Proposed NBFN 95.8 95.2 94.9 95.0 0.97 

Table 1:Comparative Performance of Proposed NBFN and Baseline Models 

The performance of the proposed NBFN model was evaluated against several baseline classifiers, and the 

results are summarized in Table 1. 

The proposed NBFN model achieved the highest accuracy of 95.8% and an AUC of 0.97, outperforming all 

baseline classifiers. This clearly demonstrates the effectiveness of combining deep multimodal feature extraction with 

gradient-boosted classification. 

Interpretation of Results - The significant performance improvement of NBFN over standalone XGBoost 

(95.8% vs. 91.4%) indicates that the fusion of image-based and clinical features provides a richer representation of 

maternal health status. The CNN captures visual patterns from ultrasound images (e.g., fetal position, placental 

structure), while the Dense Neural Network encodes physiological indicators such as blood pressure, haemoglobin, 

and gestational age. Their combination allows the model to identify complex risk patterns that individual data 

modalities cannot reveal. 

When compared with the ANN model (89.2%), the proposed system's use of XGBoost on fused 

features improved accuracy by more than 6%. This confirms that boosting effectively refines the fused representations 

by focusing on hard-to-classify cases and reducing bias in prediction.  
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The XGBoost feature importance analysis revealed that the top contributing clinical features were systolic 

blood pressure, haemoglobin level, gestational age, and previous pregnancy history, while the CNN highlighted image 

regions associated with the placenta and amniotic fluid volume.  

Robustness and Generalization - Cross-validation results demonstrated minimal variance (±1.2%) in accuracy 

across folds, indicating that the model is stable and generalizable across different patient subsets. Additionally, the 

model maintained high performance across imbalanced classes, showing robustness in real-world clinical scenarios 

where high-risk cases are typically underrepresented. 

The ROC curve of the proposed model showed a steep rise toward the top-left corner, indicating high sensitivity 

with minimal false positives. The corresponding AUC value of 0.97 confirms outstanding discriminatory ability across 

the three risk classes (High, Moderate, Low). 

The confusion matrix revealed: 

• High-risk cases: 96% correctly classified 

• Moderate-risk cases: 95% correctly classified 

• Low-risk cases: 97% correctly classified 

These results demonstrate that NBFN performs consistently across all severity levels, ensuring both sensitivity 

for critical cases and specificity to reduce false alarms. 

6. Conclusion 

The Neuro-Boosting Fusion Network (NBFN) is an accurate, interpretable, and clinically applicable model for 

predicting maternal mortality and morbidity risk. Compared to previous state-of-the-art approaches such as Random 

Forest with PCA (75.2%, Al Mashrafi et al., 2024 [5]) and the LASSO-based ML model (AUC = 0.80, Li et al., 2025), 

the proposed NBFN provides a remarkable performance improvement, especially in terms of recall and AUC. 

By integrating deep learning-based feature extraction with gradient boosting-based decision-making, the model 

successfully bridges the gap between predictive power and interpretability. The results suggest that NBFN can serve 

as a decision-support tool to assist obstetricians in the early identification of high-risk pregnancies, allowing timely 

interventions that may significantly reduce maternal mortality and morbidity rates. 

Key Findings 

• The proposed NBFN achieved 95.8% accuracy and AUC of 0.97, outperforming all baseline models. 

• Multimodal fusion of imaging and clinical data significantly enhances prediction accuracy. 

• XGBoost with regularization improved model stability and reduced overfitting. 

• The model demonstrated high recall (94.9%), addressing a major limitation of prior ML studies. 

• Feature importance analysis confirmed clinical interpretability, aligning with real-world medical indicators. 

• The framework is scalable, interpretable, and deployable in healthcare systems for early maternal risk 

prediction. 
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