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ABSTRACT 

This study presents an applied, multi-stage machine-learning pipeline for maternal health risk classification using the Maternal 

Health Risk dataset (1,014 samples, six clinical features, and three risk classes). Six classifiers were evaluated across four 

preprocessing stages: training-fold standardization alone, Edited Nearest Neighbors (ENN)-based cleaning, Synthetic Minority 

Oversampling Technique (SMOTE)-based class balancing, and sequential ENN-SMOTE preprocessing. Within each fold of 10-

fold cross-validation, the scaler, ENN, SMOTE, model fitting, and ensemble construction were performed using only the training 

fold; the corresponding test fold remained untouched until evaluation. A fixed majority-voting ensemble comprising Random 

Forest, Extra Trees, and XGBoost was evaluated using class-wise, macro-averaged, and weighted-averaged accuracy, precision, 

and F1-score. In Stage 4, the hybrid ensemble achieved a weighted accuracy of 91.5% ± 3%, precision of 88% ± 3%, and F1-

score of 87.2% ± 3%. The ensemble's precision for the high-risk class exceeded 90% across all four stages. These findings 

indicate competitive predictive performance on this dataset; however, direct comparison with previous studies is limited by 

differences in preprocessing methods, validation protocols, and model configurations. External and prospective validation is 

required before clinical use. 
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1. Introduction 

In 2015, the United Nations introduced the Sustainable Development Goals (SDGs) to address global challenges, 

with one of the key objectives being to ensure health and well-being for all individuals at all ages, particularly 

pregnant women [1]. Maternal health during pregnancy, childbirth, and the postpartum period plays a critical role in 

women's overall health, and reducing preventable maternal and child mortality [2]. According to a United Nations 

report, approximately 287,000 women worldwide lost their lives during or after pregnancy in 2020, equating to an 

average of one maternal death every two minutes [1]. Additionally, around 6,700 newborns and 810 pregnant women 

die daily, underscoring the urgent need for effective interventions to mitigate pregnancy-related risks and enhance 

prenatal care [2]. The World Health Organization (WHO) reported that, in 2017, an average of 810 women died daily 

due to pregnancy or childbirth complications, with the number rising to 303,000 in 2019 [3]. Despite substantial 

improvements in maternal healthcare over the past decades, maternal mortality remains an important public health 

concern in Iran. Recent estimates indicate that Iran's maternal mortality ratio was 21 deaths per 100,000 live births 

in 2022 and 16 deaths per 100,000 live births in 2023, highlighting the continuing need for effective maternal health 

surveillance and interventions [4]. 

Pregnancy is a complex process accompanied by extensive physical and psychological changes. Factors such as very 

young or advanced maternal age, obesity, gestational diabetes, hypertension, preeclampsia, abnormal heart rate, and 

elevated body temperature may increase the risk of complications for the mother and fetus, making timely risk 

assessment important [5, 6]. Accurate assessment during pregnancy, delivery, and the postpartum period is 

particularly important in underserved settings with limited access to healthcare services [7, 8]. Advances in 

information technology and data analysis have enabled machine-learning methods to be applied to pregnancy-related 

data. These methods can identify statistical patterns and support risk classification, but their reported performance 

depends on dataset quality, class distribution, preprocessing, and validation design [6-9]. Class imbalance is a 

recurring concern because a classifier may favor the majority class [9]. Resampling methods such as SMOTE and 

SMOTE-ENN have therefore been evaluated to balance class representation and reduce the influence of inconsistent 

samples [9]. 
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In recent years, several machine-learning techniques have been evaluated for maternal health risk prediction. 

Khadidos et al. (2024) proposed the Quad-Ensemble Machine Learning framework (QEML-MHRC), integrating 

bagging, boosting, stacking, and voting with Decision Tree (DT), Random Forest (RF), Gradient Boosting Tree 

(GBT), and K-Nearest Neighbors (KNN) models. Their study reported a weighted F1-score of 0.86 across the risk 

classes and up to 90% accuracy for the high-risk class. The authors emphasized the importance of preprocessing and 

also noted limitations related to validation across diverse populations [6]. 

Similarly, Setiawan et al. (2024) compared Decision Tree, Bagging with DT, AdaBoost with DT, and Random Forest 

using the Maternal Health Risk dataset. Random Forest with 50 decision trees produced the highest accuracy and 

recall in their experiments, while limitations in sample size and demographic diversity indicated the need for further 

validation [1]. Mauliza et al. (2024) [9] evaluated SMOTE, SMOTE-ENN, ADASYN (Adaptive Synthetic Sampling 

Approach for Imbalanced Learning), and ADASYN-ENN with Decision Tree, Random Forest, KNN, Naive Bayes, 

and Support Vector Machine (SVM). Their reported results showed that SMOTE-ENN achieved up to 96% accuracy 

for Decision Tree and Random Forest. The study also discussed the risks of overfitting with oversampling and the 

possible introduction of noise by synthetic-sampling methods [9]. 

In another study, Raihen and Akter (2024) compared several classification methods using an IoT-based maternal 

health risk dataset from rural Bangladesh. SVM achieved the highest reported accuracy (86.15%) under their 

evaluation protocol [2]. Wongso et al. (2023) compared SVM, Naive Bayes, and KNN with and without K-means 

preprocessing; KNN with K-means achieved 79.53% accuracy and an F1-score of 0.80 and was implemented in a 

web-based application [5]. Tiwari and Kumar (2023) evaluated multiple algorithms on the Maternal Health Risk 

dataset and reported the highest area under the Precision-Recall curve for XGBoost [7]. 

Windasari (2022) evaluated a particle-swarm-based approach for improving C5.0 decision-tree classification on 

maternal health data and reported improved predictive accuracy under the study's experimental setting [3]. Mutlu et 

al. (2023) compared Decision Tree, CatBoost, Random Forest, Gradient Boosting Machines, and KNN. Decision 

Tree achieved the highest reported accuracy for the high-risk class, while CatBoost and Random Forest performed 

well for low-risk cases. The authors also noted limitations associated with dataset scope and external validity [8]. 

Zemariam et al. (2024) applied supervised machine-learning models, including Random Forest, CatBoost, and Light 

Gradient Boosting, to predict micronutrient intake among Ethiopian children and reported SMOTE-ENN as the most 

effective balancing method in their experiments. Although the clinical target differs from maternal health risk, the 

study illustrates the broader use of resampling methods in health-related classification and the need to consider 

sampling bias and external validation [10]. 

Previous studies have shown that preprocessing and ensemble methods can affect predictive performance in maternal 

health risk classification; however, reported results vary because of differences in validation procedures, resampling 

strategies, and model configurations. The present study therefore provides an applied, comparative evaluation of a 

multi-stage pipeline that combines ENN-based cleaning, SMOTE-based class balancing, six established classifiers, 

and a fixed majority-voting ensemble. The study does not introduce a new learning algorithm. Its contribution is the 

consistent evaluation of these components within a leakage-free, fold-wise validation procedure and the reporting of 

class-wise, macro-averaged, and weighted-averaged performance. The remainder of the paper is organized as 

follows. Section 2 describes the dataset, preprocessing stages, classification models, validation protocol, ensemble 

construction, and evaluation metrics. Section 3 reports the results of the individual classifiers and the hybrid 

ensemble. Section 4 discusses the findings, limitations, comparison with previous studies, and conclusions. 

2. Materials and Methods 

This section describes the dataset, data inspection, standardization, fold-wise preprocessing stages, classification 

models, majority-voting ensemble, validation protocol, and evaluation metrics. Every operation that learned from the 

data, including scaler fitting, ENN, SMOTE, model fitting, and ensemble construction, was confined to the training 

portion of each cross-validation fold. 

2.1.  Proposed method 

Six classification algorithms and one fixed majority-voting ensemble were evaluated, as summarized in Table 1. 

Default parameter settings were used for all six classification models, and no parameter-search procedure was 

conducted. The ensemble contained Random Forest, Extra Trees, and XGBoost in every fold; each component was 

fitted only on the processed training fold, and test-fold outcomes were not used to select or modify the ensemble. 
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Table 1: Machine-learning algorithms and hybrid ensemble evaluated in this study 
Rationale and key characteristics Algorithm 

Extremely randomized decision-tree ensemble. Random split thresholds increase diversity among trees, 

and predictions are combined by majority vote. 

Extra Trees Classifier 

(ETC) 

Instance-based classifier that assigns a label from neighboring training observations after feature 

standardization. 

K-Nearest Neighbors 

(KNN) 

Feedforward neural network trained by backpropagation to model nonlinear relationships among the 

clinical variables. 

Multilayer Perceptron 

(MLP) 

Bootstrap ensemble of decision trees with random feature selection; class predictions are aggregated by 

majority vote. 

Random Forest 

Classifier (RF) 

Margin-based classifier for nonlinear class separation using the library implementation applied after feature 

standardization. 

Support Vector 

Machine (SVM) 

Gradient-boosted decision-tree ensemble in which trees are added sequentially with regularization. 
Extreme Gradient 

Boosting (XGBoost) 

Fixed majority-voting combination of RF, ETC, and XGBoost. Every component was fitted only on the 

processed training fold. 

Hybrid Ensemble 

Model 
 

The performance of the proposed models was evaluated using standard classification metrics, as summarized in Table 
2. In the table, each metric is presented alongside its rationale and key strengths, providing a concise assessment of model 

performance across maternal health risk categories. 
 

 

 

 

 

 

 

 

 
The objective was to compare the six individual classifiers and the fixed hybrid ensemble across the four 

preprocessing stages under the same leakage-free validation protocol. Comparisons with prior studies are presented 

descriptively because their preprocessing methods, validation protocols, and model configurations differ. 

2.2. Dataset description 

The Maternal Health Risk dataset [11] contains seven columns: six input features and one class label. The 

input features are Age, Systolic Blood Pressure (SystolicBP), Diastolic Blood Pressure (DiastolicBP), 

Blood Sugar (BS), Body Temperature (BodyTemp), and Heart Rate (HeartRate). The target variable, 

RiskLevel, contains the original dataset labels low risk, mid risk, and high risk. Figure 1 presents the 

Pearson correlation matrix of the six input features 

 
Fig. 1. Pearson correlation matrix of the six input features used for maternal health risk prediction. Red represents positive 

correlation, blue represents negative correlation, and values near zero indicate weak linear correlation. 

 

Table 2: Evaluation metrics 

Rationale and Strengths Metric 

Provides a global measure of classification correctness by quantifying the 

proportion of correctly predicted instances across all risk classes. 

Accuracy 

(ACC) 

Reflects the reliability of positive predictions by measuring the proportion of 

true positives among predicted positives for each risk level. 

Precision 

(PRE) 

Combines precision and sensitivity into a single metric, offering a balanced 

evaluation of model performance, particularly in multiclass and imbalanced settings. 
F1 Score (F1) 
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The dataset comprises 1014 samples. The distribution of classes was analyzed to identify any potential 

imbalances in the data. The prevalence of classes is as follows: low risk (40.04%), mid risk (33.14%), and 

high risk (26.82%). These results indicate a slight class imbalance in the dataset. To gain a comprehensive 

understanding of the dataset’s characteristics, a set of descriptive statistics is presented in Table 3. These 

statistics include measures such as the count, mean, standard deviation (std), minimum (min), 25th 

percentile (25%), median (50%), 75th percentile (75%), and maximum (max) for each feature in the dataset. 
 

 

2.3. Computational environment and preprocessing 

All experiments were conducted in Python 3.13.0 using scikit-learn, imbalanced-learn, and XGBoost. The 

preprocessing and modeling workflow was implemented as a fold-wise pipeline so that information from 

the test fold could not influence scaler fitting, resampling, model training, or ensemble construction. 

2.3.1. Data inspection and cleaning 

In the first stage, the dataset was examined for missing values. Fortunately, no missing data were identified, 

eliminating the need for imputation techniques. This ensured the dataset's completeness for subsequent 

preprocessing and modeling steps. 

2.3.2. Data standardization 

Because the input variables are measured on different scales, StandardScaler was used within each cross-

validation fold. The scaler was fitted exclusively on the training fold. The resulting training-fold mean and 

standard deviation were then used to transform both the training fold and the corresponding test fold 

according to Equation (1). The test fold was never used to estimate scaling parameters. 

𝑧 =
𝑥−𝜇

𝜎
                                                       (1) 

Where X is the original feature value, μ is the feature mean calculated from the training fold, σ is the feature 

standard deviation calculated from the training fold, and z is the standardized value. 

2.3.3. Cross-validation 

Stratified 10-fold cross-validation was used to evaluate all experimental stages. In each iteration, nine folds 

were used for training and the remaining fold for testing. StandardScaler was fitted exclusively on the 

training folds and then applied to the corresponding test fold. Depending on the experimental stage, ENN, 

SMOTE, or their combination was applied only to the training data. The classifiers and the fixed voting 

ensemble were subsequently trained on the resulting data, and performance was evaluated on the untouched 

test fold. Thus, the test data were used solely for evaluation and were not edited, resampled, included in 

model training, or involved in ensemble selection. Finally, the fold-level results were summarized as the 

mean ± standard deviation across the 10 test folds. 

The leakage-free procedure followed in each cross-validation iteration is summarized in the following 

steps:  

1. Split the original data into nine training fold and one test fold.  

2. Fit StandardScaler using only the training fold.  

3. Transform the training and test folds using the scaler fitted on the training fold.  

4. Apply the stage-specific ENN and/or SMOTE operation only to the transformed training fold.  

5. Apply each classifier using only the processed training fold.  

6. Construct the fixed RF-ETC-XGBoost majority-voting ensemble from models fitted on the processed 

training fold.  

7. Generate predictions and calculate metrics on the untouched test fold.  

Table 3: Descriptive statistics of the features in the dataset samples 

max 75% 50% 25% min std Mean Feature 

70 39 26 19 10 13.47 29.87 Age 

160 120 120 100 70 18.4 113.2 SystolicBP 

100 90 80 65 49 13.88 76.46 DiastolicBP 

19 8 7.5 6.9 6 3.29 8.72 BS 

103 98 98 98 98 1.37 98.66 BodyTemp 

90 80 76 70 70 8.09 74.3 HeartRate 
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8. Repeat for all 10 folds and report the mean ± standard deviation of each evaluation metric. 

2.3.4. Preprocessing stages 

Default parameter settings were used for all six classification models. The four experimental stages differed 

only in the preprocessing operation applied within the training fold, as described below: 

Stage 1: Baseline Preprocessing 

Within each cross-validation iteration, StandardScaler was fitted on the training fold and used to transform 

both training and test folds. No ENN or SMOTE operation was applied. The classifier or ensemble was 

fitted on the standardized training fold and evaluated on the untouched test fold. 

Stage 2: Outlier Removal with Edited Nearest Neighbors (ENN) 

Within each cross-validation iteration, ENN was applied only to the standardized training fold to remove 

samples whose labels were inconsistent with their local training-data neighborhoods. The corresponding 

test fold was not edited or resampled. For descriptive context only, applying the same ENN procedure once 

to the complete dataset would remove 52 samples and leave 962 samples: 391 low-risk samples (40.64%), 

320 mid-risk samples (33.26%), and 251 high-risk samples (26.09%). These complete-dataset counts are 

descriptive statistics only; they were not used to create any training or test fold and were not used to 

calculate the reported performance values. 

Stage 3: Class Balancing with Synthetic Minority Oversampling Technique (SMOTE) 

Within each cross-validation iteration, SMOTE was applied only to the standardized training fold to 

generate synthetic samples for underrepresented classes. The corresponding test fold retained its original 

observations and class distribution. For descriptive context only, the complete dataset contains 406 low-

risk, 336 mid-risk, and 272 high-risk samples; applying SMOTE once to the complete dataset would 

produce 1,218 samples, with 406 samples in each class.  

Stage 4: Combined outlier removal and class balancing 

Within each cross-validation iteration, ENN was first applied only to the standardized training fold, 

followed by SMOTE only on the ENN-processed training fold. The test fold remained unchanged apart 

from transformation by the training-fitted scaler. For descriptive context only, applying ENN to the 

complete dataset would leave 962 samples (391 low risk, 320 mid risk, and 251 high risk), and subsequently 

applying SMOTE would produce 1,173 samples with 391 samples in each class. These complete-dataset 

values are descriptive only and were not used to preprocess any test fold or to generate the reported results. 

2.4. Classification models 

The study evaluated six established classifiers: Extra Trees Classifier (ETC), K-Nearest Neighbors (KNN), 

Support Vector Machine (SVM), Random Forest (RF), Multilayer Perceptron (MLP), and Extreme 

Gradient Boosting (XGBoost). The descriptions below summarize their general operating principles; all 

classifiers were implemented with default parameter settings. 

2.4.1. Random Forest (RF) 

Random Forest is an ensemble of decision trees trained on bootstrap samples with random feature subsets 

considered at each split. For classification, the final class is obtained by aggregating the votes of the 

individual trees. This design can reduce variance relative to a single decision tree and is suitable for 

nonlinear relations in tabular data [12]. 

2.4.2. Extra Trees Classifier (ETC) 

Extra Trees Classifier is a decision-tree ensemble that introduces additional randomization by selecting 

split thresholds randomly. Predictions are aggregated across the trees by majority vote. The added 

randomization can reduce variance and computational cost in tabular classification tasks [13]. 

2.4.3. K-Nearest Neighbors (KNN) 

K-Nearest Neighbors is a non-parametric, instance-based classifier. A new observation is assigned the class 

most common among its neighboring training observations according to a distance measure. Because 

distances are affected by feature scale, KNN was used after training-fold standardization [14]. 

2.4.4. Support Vector Machine (SVM) 

Support Vector Machine separates classes by identifying a decision boundary with a maximum margin 

between classes. For nonlinear data, kernel functions map the observations into a space in which class 

separation may be more effective. Multiclass prediction was handled by the library implementation used in 

this study [15]. 
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2.4.5. Multilayer Perceptron (MLP) 

Multilayer Perceptron is a feedforward neural network composed of an input layer, one or more hidden 

layers, and an output layer. The network learns nonlinear relationships through backpropagation and 

nonlinear activation functions [16]. 

2.4.6. Extreme Gradient Boosting (XGBoost) 

XGBoost is a gradient-boosted decision-tree method in which trees are added sequentially to reduce errors 

from the preceding ensemble. The method incorporates regularization and efficient tree construction and is 

widely used for structured classification data [17]. 

2.5. Model evaluation metrics 

Model performance was evaluated using accuracy, precision, and F1-score [20, 21, 22]. Because the target 

variable contains three classes, class-wise metrics were calculated using a one-vs-rest formulation: each 

risk class was treated as the positive class in turn and the other two classes were treated as negative. Macro 

averages assign equal weight to each class, whereas weighted averages weight each class by its support. 

Fold-level metric values were summarized as mean ± standard deviation across the 10 test folds. 

Accuracy: The model's overall accuracy is calculated as the ratio of correct predictions to the total number 

of predictions. Its formula is: 

Accuracy =  
(TP + TN)

(TP + TN + FP + FN)
                         (2) 

Precision: Also known as positive predictive value (PPV), precision indicates the model's ability to identify 

positive cases correctly and is calculated as : 

Precision =
 TP

(TP + FP)
                                       (3) 

F1 Score: The F1 score represents the harmonic mean of precision and Sensitivity (where Sensitivity =

 
TP

(TP+FN)
), summarizing both metrics into a single value. It is calculated as: 

F1 =
Precision×Sensitivity

Precision+Sensitivity
× 2                            (4) 

These metrics were selected because they are widely used for multiclass classification and allow both 

overall and class-sensitive evaluation [20, 21, 22]. 

3. Results 

The six classifiers were evaluated across the four preprocessing stages using the leakage-free, fold-wise 

procedure described in Section 2.3.3. Table 4 reports results obtained exclusively from the untouched test 

fold in each of the 10 cross-validation iterations. Stage 1 used training-fold standardization only; Stage 2 

additionally applied ENN only to the training fold; Stage 3 additionally applied SMOTE only to the training 

fold; and Stage 4 applied ENN followed by SMOTE only to the training fold. No result in Table 4 was 

obtained by preprocessing the complete dataset before cross-validation. 
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3.1.Hybrid ensemble model 

The hybrid ensemble used the same fixed set of three component classifiers—RF, ETC, and XGBoost—in 

every fold. Within each fold, all three components were fitted only on the processed training fold, and the 

voting ensemble was constructed before evaluating the test fold. The final class was determined by majority 

vote. Test-fold results were not used to select, fit, or modify the ensemble. 

3.2. Results of the hybrid ensemble model across four stages 

Table 5 presents the hybrid ensemble results across the same four stages. These results were generated 

using the same leakage-free fold-wise pipeline as Table 4: the scaler and stage-specific ENN/SMOTE 

operations were fitted or applied only on the training fold, the component models and ensemble were fitted 

only on the processed training fold, and evaluation was performed on the untouched test fold. Class-wise, 

Table 4: Classification performance of the six algorithms across the four leakage-free experimental stages 

Stage 
Evaluation 

metrics (%) 
Class SVM KNN RF ETC XGBoost MLP 

Stage 1 

Accuracy 

Precision 
F1 Score 

% 

low risk 

76.6 ± 4 

66.3 ± 4 
74.5 ± 4 

76.6 ± 5 

69.8 ± 5 
71.5 ± 5 

89.2 ± 3 

88.8 ± 5 
86 ± 4 

89.1 ± 3 

88.3 ± 5 
86 ± 4 

89.5 ± 3 

89.7 ± 5 
86.4 ± 4 

79.9 ± 3 

72.6 ± 3 
76 ± 4 

mid risk 

73.2 ± 4 

65.7 ± 10 

50.1 ± 8 

72.9 ± 3 

59.2 ± 6 

60 ± 4 

87.6 ± 3 

79.7 ± 8 

82 ± 4 

88.1 ± 3 

80.7 ± 7 

82.5 ± 4 

88.1 ± 3 

80.6 ± 8 

82.7 ± 4 

78.3 ± 4 

69.7 ± 7 

65.4 ± 6 

high risk 

91 ± 3 

83.1 ± 5 

83.3 ± 5 

90 ± 2 

86.6 ± 5 

79.7 ± 6 

95.5 ± 2 

92.8 ± 4 

91.4 ± 3 

95.5 ± 2 

92.3 ± 5 

91.5 ± 3 

95.6 ± 2 

91.9 ± 5 

91.7 ± 4 

93.1 ± 2 

88.9 ± 7 

87 ± 3 

Macro Average 

80.3 ± 4 

71.7 ± 6 

69.3 ± 6 

79.8 ± 3 

71.9 ± 5 

70.4 ± 5 

90.8 ± 3 

86.6 ± 5 

86.5 ± 4 

90.9 ± 3 

87.1 ± 6 

86.7 ± 4 

91.1 ± 3 

87.4 ± 6 

86.9 ± 4 

83.8 ± 3 

77.1 ± 6 

76.1 ± 4 

Weighted Average 
79.3 ± 3 
70.6 ± 7 

68.8 ± 6 

79 ± 4 
70.8 ± 6 

69.9 ± 5 

90.3 ± 3 

86.8 ± 6 

86.6 ± 4 

90.4 ± 3 

86.8 ± 6 

86.3 ± 4 

90.7 ± 3 

87.3 ± 6 

86.6 ± 4 

82.9 ± 3 
76 ± 6 

75.5 ± 5 

Stage 2 

Accuracy 

Precision 
F1 Score 

% 

low risk 

76.5 ± 3 

66.3 ± 4 
74.3 ± 4 

76.8 ± 5 

70.2 ± 6 
71.8 ± 6 

87.4 ± 4 

85.8 ± 5 
83.9 ± 5 

86.9 ± 4 

84.3 ± 5 
83.6 ± 4 

87.9 ± 4 

86.3 ± 6 
84.6 ± 5 

79.5 ± 2 

72.3 ± 2 
75.4 ± 4 

mid risk 

73.8 ± 4 

65.4 ± 9 

51 ± 7 

73.3 ± 3 

59.5 ± 5 

60.5 ± 5 

84.4 ± 4 

75.5 ± 9 

77.4 ± 6 

84.7 ± 4 

75.7 ± 8 

77.7 ± 6 

84.9 ± 4 

75.9 ± 7 

78 ± 5 

76.8 ± 3 

66.6 ± 7 

63.8 ± 5 

high risk 

90.8 ± 3 

83.1 ± 5 

82.8 ± 6 

90.1 ± 3 

87.2 ± 6 

80.2 ± 5 

94.5 ± 5 

90.1 ± 5 

89.4 ± 4 

93.9 ± 2 

91.7 ± 5 

88 ± 5 

94 ± 2 

91.1 ± 5 

88.4 ± 5 

92 ± 3 

88.4 ± 9 

84.7 ± 5 

Macro Average 
80.4 ± 3 
71.6 ± 6 

69.4 ± 6 

80.1 ± 4 
72.3 ± 6 

70.8 ± 5 

88.8 ± 4 
83.8 ± 6 

83.6 ± 5 

88.5 ± 3 
83.9 ± 6 

83.1 ± 5 

88.9 ± 3 
84.4 ± 6 

83.7 ± 5 

82.8 ± 3 
75.8 ± 6 

74.6 ± 5 

Weighted Average 
79.2 ± 3 
70.4 ± 6 

68.8 ± 5 

79.1 ± 4 
71.1 ± 6 

70.2 ± 5 

88.2 ± 4 

83.7 ± 6 

83.1 ± 5 

88 ± 3 

83.4 ± 6 

82.8 ± 5 

88.5 ± 3 

84 ± 6 

83.4 ± 5 

81.9 ± 3 
74.6 ± 5 

74 ± 5 

Stage 3 

Accuracy 

Precision 
F1 Score 

% 

low risk 

75.3 ± 4 

66.2 ± 4 

71.7 ± 5 

77.5 ± 6 

73.6 ± 7 

70.8 ± 8 

88.6 ± 2 

89.4 ± 5 

85.7 ± 3 

88.7 ± 3 

88.4 ± 5 

85.4 ± 3 

89 ± 3 

89.4 ± 5 

85.4 ± 3 

79.4 ± 3 

75.9 ± 4 

73.4 ± 5 

mid risk 

71.2 ± 5 

60.1 ± 11 

49.3 ± 8 

74.1 ± 5 

59.9 ± 7 

63.7 ± 6 

87.8 ± 3 

79.5 ± 6 

92.2 ± 5 

88.3 ± 3 

80.7 ± 5 

82.8 ± 4 

87.9 ± 3 

80 ± 6 

82.7 ± 3 

76.5 ± 4 

64.4 ± 7 

65.4 ± 5 

high risk 

90.4 ± 2 

81.1 ± 6 

82.3 ± 5 

90.6 ± 3 

85.8 ± 6 

81.7 ± 5 

95.6 ± 2 

92.2 ± 5 

91.6 ± 4 

95.7 ± 2 

91.7 ± 5 

91.9 ± 3 

96 ± 2 

92.3 ± 3 

92.5 ± 4 

91.4 ± 2 

83.8 ± 8 

84.4 ± 4 

Macro Average 
79 ± 4 

69.1 ± 7 

67.8 ± 6 

80.7 ± 8 
73.1 ± 7 

72.1 ± 6 

90.8 ± 2 
87 ± 5 

86.6 ± 4 

90.9 ± 3 
86.9 ± 5 

86.7 ± 4 

90.9 ± 2 
87.2 ± 5 

86.8 ± 4 

82.4 ± 3 
74.7 ± 6 

74.4 ± 5 

Weighted Average 
77.9 ± 5 
68 ± 7 

67 ± 6 

79.8 ± 5 
72.3 ± 6 

71.3 ± 6 

90.3 ± 2 

86.8 ± 5 

86.2 ± 4 

90.3 ± 2 

86.7 ± 5 

86.2 ± 4 

90.4 ± 3 

87 ± 5 

86.3 ± 4 

81.6 ± 3 
74.1 ± 6 

73.6 ± 5 

Stage 4 

Accuracy 

Precision 

F1 Score 
% 

low risk 

80.4 ± 3 

68 ± 4 

72.5 ± 5 

84.5 ± 5 

74 ± 7 

74.8 ± 6 

92 ± 2 

89.8 ± 3 

89.5 ± 3 

91.8 ± 3 

88 ± 4 

89.5 ± 4 

92.7 ± 3 

90 ± 3 

89 ± 3 

84.6 ± 4 

79 ± 4 

78.8 ± 4 

mid risk 

71.8 ± 9 

60.5 ± 8 

56.5 ± 8 

69 ± 7 

61.5 ± 6 

61.5 ± 6 

87.4 ± 5 

81 ± 5 

82.5 ± 5 

88.4 ± 4 

83.5 ± 4 

82.5 ± 4 

87.5 ± 5 

83.5 ± 4 

82.5 ± 4 

76.6 ± 7 

69 ± 5 

67.1 ± 5 

high risk 
91.5 ± 2 
92 ± 2 

84 ± 3 

91 ± 6 
86.5 ± 5 

82.5 ± 5 

96 ± 2 
93.5 ± 2 

92.5 ± 2 

95.5 ± 3 
93 ± 3 

91.5 ± 3 

96 ± 2 
92.5 ± 3 

93 ± 2 

92.3 ± 4 
87 ± 3 

85.5 ± 4 

Macro Average 
81.2 ± 5 
73.5 ± 5 

71 ± 5 

81.5 ± 6 
74 ± 6 

72.9 ± 6 

91.8 ± 3 
88.1 ± 3 

88.2 ± 3 

91.9 ± 3 
88.2 ± 4 

87.8 ± 4 

92.1 ± 3 
88.7 ± 3 

88.2 ± 3 

84.5 ± 5 
78.3 ± 4 

77.1 ± 4 

Weighted Average 

79.6 ± 5 

71.1 ± 5 
69.5 ± 5 

80.2 ± 6 

72.4 ± 6 
71.7 ± 6 

90.6 ± 3 

87 ± 3 

87.1 ± 3 

90.7 ± 3 

86.9 ± 4 

86.8 ± 4 

90.9 ± 3 

87.6 ± 3 

87 ± 3 

83.1 ± 5 

77 ± 4 
75.9 ± 4 
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macro-averaged, and weighted-averaged metrics are reported as mean ± standard deviation across the 10 

folds. 
Table 5: Performance of the fixed majority-voting ensemble across the four leakage-free experimental stages 

Stage Metrics (%) Class Ensemble 

Stage 1 

Accuracy 

Precision 

F1 Score 
% 

low risk 

89.5 ± 3 

89.1 ± 5 

86.6 ± 4 

mid risk 
88 ± 3 

80.6 ± 8 

82.5 ± 4 

high risk 
95.5 ± 2 
92.5 ± 5 

91.4 ± 3 

Macro Average 
91 ± 3 

87.4 ± 6 

86.8 ± 4 

Weighted Average 

90.6 ± 3 

87.2 ± 6 

86.5 ± 4 

Stage 2 

Accuracy 

Precision 

F1 Score 
% 

low risk 

87.3 ± 4 

85.3 ± 6 

84 ± 5 

mid risk 
84.3 ± 4 
75.3 ± 8 

77.2 ± 6 

high risk 
94.3 ± 2 
91.8 ± 4 

88.8 ± 5 

Macro Average 

88.6 ± 3 

84.1 ± 6 
83.3 ± 5 

Weighted Average 

88.1 ± 4 

83.6 ± 6 
83 ± 5 

Stage 3 

Accuracy 

Precision 

F1 Score 
% 

low risk 
88.6 ± 2 
88.9 ± 3 

85.6 ± 3 

mid risk 
88.1 ± 3 
80.5 ± 6 

82.6 ± 4 

high risk 
95.9 ± 2 
92 ± 5 

92.3 ± 4 

Macro Average 

90.9 ± 2 

87.1 ± 5 
86.8 ± 4 

Weighted Average 

90.4 ± 2 

86.9 ± 5 
86.3 ± 4 

Stage 

4 

Accuracy 

Precision 

F1 Score 
% 

low risk 

92.4 ± 2 

89.8 ± 3 

87.2 ± 3 

mid risk 

89.2 ± 4 

83.8 ± 4 

84 ± 4 

high risk 
96.5 ± 2 
93.8 ± 3 

94.5 ± 3 

Macro Average 
92.7 ± 3 
89.1 ± 3 

88.6 ± 3 

Weighted Average 
91.5 ± 3 

88 ± 3 

87.2 ± 3 

 

Because the class distribution is imbalanced, Precision-Recall (PR) curves and the corresponding PR-AUC 

values were also examined [19]. For each classifier in Stage 4, a PR curve and PR-AUC were calculated 

separately for each class using a one-vs-rest formulation. The three class-specific PR-AUC values were 

then combined using a weighted average, with each class weighted by its support. Figure 2 and the values 

discussed below were obtained from predictions generated by the leakage-free fold-wise pipeline. 
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Fig. 2. Precision-Recall curves for the seven evaluated classifiers in Stage 4. Multiclass PR-AUC was calculated using a 

weighted-average one-vs-rest approach, with class contributions weighted by support. Curves and PR-AUC values were 

generated from the leakage-free fold-wise evaluation. 
 

Figure 2 shows weighted one-vs-rest PR-AUC values of 0.889 for the hybrid ensemble, 0.883 for Random 

Forest, 0.888 for Extra Trees, and 0.720 for SVM. Within this experiment, the tree-based models and the 

hybrid ensemble produced higher PR-AUC values than SVM. These values should be interpreted only 

within the present dataset and validation protocol and should not be generalized to methods evaluated under 

different protocols. 

4. Discussion and Conclusion 
This study evaluated a multi-stage maternal health risk classification pipeline that combined training-fold 

standardization, ENN, SMOTE, six established classifiers, and a fixed majority-voting ensemble. Under 

the leakage-free 10-fold procedure, Stage 4 produced weighted accuracies of 90.6% ± 3% for RF, 90.7% ± 

3% for ETC, and 90.9% ± 3% for XGBoost. The results indicate that the combined preprocessing stage 

was associated with favorable performance for these models in the present dataset; the findings do not 

imply that the same effect will occur in other datasets or validation settings. 

The fixed majority-voting ensemble achieved a weighted accuracy of 91.5% ± 3%, precision of 88% ± 3%, 

and F1-score of 87.2% ± 3% in Stage 4. These values were obtained without test-fold preprocessing or test-

informed model selection. The ensemble result was modestly higher than the weighted accuracy of each 

individual Stage 4 component in this experiment, while the magnitude and practical importance of the 

difference require confirmation on independent data. 

At the class level, the hybrid ensemble achieved high-risk precision above 90% in each of the four stages. 

This result is relevant to the study objective because high-risk cases are clinically important; however, the 

present analysis does not determine which input features caused individual predictions, and no feature-

attribution analysis was performed. 

The reported results support further investigation of the pipeline as a research model for maternal health 

risk classification. They should not be interpreted as evidence of clinical readiness. Prospective validation, 

calibration assessment, subgroup analysis, and evaluation of clinical consequences are required before 

considering implementation in a healthcare setting. 

Overall, the study demonstrates a reproducible fold-wise comparison of preprocessing strategies, individual 

classifiers, and a fixed voting ensemble on the Maternal Health Risk dataset. The pipeline achieved 

competitive performance within the present experimental setting, but direct comparison with previously 
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published results is limited due to differences in preprocessing, validation protocols, and model 

configurations. 

Several limitations should be acknowledged. First, all experiments used a single public dataset with 1,014 

records and six input features, which limits external validity. Second, no independent external cohort or 

prospective clinical evaluation was available. Third, the study used default classifier settings and did not 

investigate whether alternative settings would change performance. Fourth, no calibration, decision-curve, 

subgroup-fairness, or formal feature-attribution analysis was conducted. Fifth, the dataset may not represent 

demographic, socioeconomic, and healthcare-access variation across clinical populations. Future work 

should therefore include external and prospective validation, calibration and clinical-utility analyses, 

subgroup assessment, and dedicated explainability analyses conducted separately from predictive 

evaluation. 
Table 6: Descriptive comparison with previous studies (N.A. indicates not available; direct comparison is limited by methodological 

differences) 

Authors 

D
a

ta
se

t Machine-learning models Hybrid model 
Best reported 

model 

SVM KNN RF XGBoost   

Setiawan et al., 

2024 [1] 

M
at

er
n
al

 H
ea

lt
h

 R
is

k
 d

at
as

et
 (

1
,0

1
4
 s

am
p
le

s)
 [

1
1

] 

N.A. N.A. 

Overall accuracy: 

81% 

Macro precision: 
82% 

Weighted precision: 

81% 
Macro F1-score: 

82% 

Weighted F1-score: 
82% 

N.A. N.A. 

Random Forest with 

grid search (50 

trees): overall 
accuracy 82% 

Bagging with DT 

(100 trees): overall 
accuracy 82% 

Raihen and 

Akter, 2024 [2] 
Accuracy: 86.13% 

Accuracy (k = 5): 

69.03% 
Accuracy: 84.52% N.A. 

Bagging 

accuracy: 
84.02% 

SVM accuracy: 

86.13% 

Wongso et al., 

2023 [5] 

Accuracy: 74.02% 

Precision: 75% 
F1-score: 76% 

Accuracy: 79.13% 

Precision: 80% 
F1-score: 80% 

N.A. N.A. N.A. 

KNN with K-means 

clustering 

Accuracy: 79.5% 
Precision: 80% 

F1-score: 80% 

Mauliza et al., 
2024 [9] 

SMOTE-ENN 

Accuracy: 69% 
Precision: 72% 

F1-score: 69% 

SMOTE-ENN 

Accuracy: 79% 
Precision: 81% 

F1-score: 80% 

SMOTE-ENN 

Accuracy: 96% 
Precision: 96% 

F1-score: 96% 

N.A. N.A. 

RF with SMOTE-
ENN 

Accuracy: 96% 

Precision: 96% 
F1-score: 96% 

Tiwari and 
Kumar, 2023 

[7] 

Precision: 58.83% 

F1-score: 59.66% 

Precision: 71.07% 

F1-score: 71% 

Precision: 82.18% 

F1-score: 82.14% 

Precision: 

86.54% 

F1-score: 
86.48% 

N.A. 
XGBoost 

Precision: 86.54% 

F1-score: 86.48% 

Mutlu et al., 

2023 [8] 
N.A. 

Weighted accuracy: 

68.47% 
Macro accuracy: 

69.66% 

Weighted F1-score: 

68.99% 

Macro F1-score: 

69.64% 

Weighted accuracy: 

81.28% 
Macro accuracy: 

81.85% 

Weighted F1-score: 

81.60% 

Macro F1-score: 

81.94% 

N.A. N.A. 
Decision Tree 

Weighted accuracy: 

89.16% 

Khadidos et al., 

2024 [6] 
N.A. 

Weighted precision: 

78.09% 

Weighted F1-score: 
78.11% 

Weighted precision: 

80.88% 

Weighted F1-score: 
80.86% 

N.A. 

GBT + RF + DT 

+ KNN 

Weighted 
precision: 

81.18% 

Weighted F1-
score: 80.91% 

GBT + RF 

Weighted precision: 
83.63% 

Weighted F1-score: 

83.14% 

Present study 

Stage 4 weighted 
Accuracy: 79.6% 

± 5% 

Precision: 71.1% ± 
5% 

F1-score: 69.5% ± 

5% 

Stage 4 weighted 

Accuracy: 80.2% ± 
6% 

Precision: 72.4% ± 

6% 
F1-score: 71.7% ± 6% 

Stage 4 weighted 

Accuracy: 90.6% ± 
3% 

Precision: 87% ± 3% 

F1-score: 87.1% ± 
3% 

Stage 4 

weighted 

Accuracy: 
90.9% ± 3% 

Precision: 

87.6% ± 3% 
F1-score: 87% 

± 3% 

Stage 4 hybrid 

ensemble 

Weighted 
accuracy: 91.5% 

± 3% 

Weighted 
precision: 88% ± 

3% 

Weighted F1-
score: 87.2% ± 

3% 

Stage 4 hybrid 

ensemble 

Weighted accuracy: 
91.5% ± 3% 

Weighted precision: 

88% ± 3% 
Weighted F1-score: 

87.2% ± 3% 
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The comparative analysis indicates that the proposed pipeline achieved competitive performance relative 

to previously reported studies. However, direct numerical comparison is limited because prior studies used 

different preprocessing methods, validation protocols, model configurations, and reporting conventions; 

some studies also reported higher values for particular models or metrics. Accordingly, Table 6 is presented 

as a descriptive comparison rather than a cross-study ranking of methods. 
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