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Abstract

Accurate prediction of patient health risk is important for early diagnosis and clinical decision-making. However,
healthcare data is often complex and noisy, which limits the performance of individual machine learning models. This
study proposes a stacked ensemble framework for healthcare risk prediction. The approach combines Random Forest,
LightGBM, XGBoost, and CatBoost as base learners, with Logistic Regression as a meta-learner. The model is trained on
49,942 patient records with 15 clinical and lifestyle features. Class imbalance is handled using SMOTE applied within a
stratified 5-fold cross-validation framework. SHAP-based explainability is used to improve interpretability of model
predictions along with preprocessing steps such as feature scaling and encoding. Experimental results show strong
performance across all evaluation metrics, outperforming individual models.
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1. Introduction

Healthcare data includes patient records, lab results, clinical measurements, and lifestyle information, and its volume is
continuously increasing with the adoption of digital systems in healthcare. This data is mainly used for early disease
detection, risk assessment, and clinical decision-making. However, it is often inconsistent, contains missing values, and
shows strong class imbalance, making reliable prediction difficult.

Machine learning is widely used in this area because it can learn patterns from complex datasets. However, individual
models often struggle with noisy and imbalanced data, and their performance can vary across datasets. While ensemble
methods help improve performance, many existing approaches focus mainly on model combination rather than
addressing data-level issues such as imbalance handling and consistency of evaluation.

In this study, we propose a stacked ensemble framework using Random Forest, LightGBM, XGBoost, and CatBoost as
base learners, with Logistic Regression as the meta-learner. The data is pre-processed through standard cleaning steps,
including handling missing values, feature scaling, and encoding. SMOTE is applied within a stratified cross-validation
framework to handle class imbalance while avoiding data leakage. SHAP is used to explain feature contributions and
improve interpretability.

The aim of this work is to build a model that performs well and remains reliable on real-world healthcare data,
supporting clinical decision-making. Unlike many existing approaches, the framework integrates preprocessing,
imbalance handling, and model training within a unified evaluation setup to ensure more consistent results.
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2. Related work

Machine learning has been widely applied in healthcare for disease prediction and risk analysis. Early approaches relied
on traditional classifiers such as logistic regression, decision trees, and SVMs, but these models often struggle to capture
the complex, non-linear patterns found in clinical data.

Ensemble methods addressed many of these shortcomings. Random Forest and gradient boosting models like XGBoost
and LightGBM have become standard choices for structured healthcare data. Studies by Ahmad et al. [1] and Gul et al.
[2] confirm that ensemble approaches generally outperform individual classifiers across a range of prediction tasks.

More recent work has moved beyond accuracy toward questions of reliability and calibration. Van Calster et al. [7] and
Jiang et al. [15] argue that well-calibrated probability estimates are essential in clinical settings, while Kuleshov et al.
[9] and Guo et al. [10] point out that many models tend to produce overconfident predictions when outputs are used to
guide patient care. Class imbalance remains a persistent challenge in healthcare datasets. SMOTE [16] is widely used
for handling class imbalance. However, when applied before cross-validation, it can introduce information leakage into
the validation process, leading to overly optimistic performance estimates.

Beyond this, many studies still treat preprocessing, balancing, and model training as independent stages, which reduces
consistency and makes results harder to reproduce in real clinical conditions.

2.1. Research Gap

Three key limitations are observed in the existing literature. First, many studies use fragmented pipelines where
preprocessing, resampling, and model training are performed separately, which can lead to inconsistencies and
potential data leakage. Second, only a few works integrate heterogeneous stacked ensembles with imbalance-aware
learning within a single cross-validation framework. Third, the stability of models across validation folds is often not
reported, even though it is important for assessing clinical reliability.

To address these issues, our paper proposes a unified framework in which preprocessing, SMOTE, and model training
are integrated within a stratified cross-validation pipeline, ensuring more consistent and reliable evaluation results.

3. Materials and Methods

Reliable healthcare prediction depends not only on which models are chosen, but also on how the data is prepared,
balanced, and evaluated. In many existing approaches, these steps are handled independently, which can introduce
inconsistencies and overly optimistic results. In contrast, the model integrates dataset preparation, preprocessing,
imbalance handling, and model training into a single unified pipeline to ensure consistent and reproducible evaluation.

3.1. Dataset Description

The dataset used in this framework contains 49,942 patient records with 15 clinical and demographic features,
including laboratory measurements such as glucose, cholesterol, and HbA1c, biometric indicators like BMI and blood
pressure, and demographic attributes such as age and sex. The target variable is binary showing whether a patient is at
risk (1) or not at risk (0).

The dataset exhibits class imbalance, with approximately 89.1% of samples belonging to the low-risk (negative) class
and 10.9% to the high-risk (positive) class, resulting in an 8:1 distribution. The positive class represents patients at
clinical risk requiring closer medical attention, while the negative class represents those with lower or no immediate
risk. This setup reflects real-world screening scenarios where early detection of high-risk cases is prioritized.

Table 1 Summary of features and their clinical significance

Feature Range Type Clinical Significance

Glucose (mg/dL) 52-208 | Lab Primary diabetes indicator; >125 suggests impaired fasting
Cholesterol (mg/dL) 90 - 352 | Lab CVD risk marker; >240 considered high

BMI 10-42 Biometric Obesity indicator; >30 classified as obese
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Age (years) 18 -89 | Demographic | Risk increases with age across metabolic disorders
LDL (mg/dL) 8-290 | Lab Atherogenic cholesterol; >160 clinically elevated
HDL (mg/dL) 10-90 | Lab Protective cholesterol; <40 increases CVD risk
Triglycerides (mg/dL) 30-400 | Lab Linked to metabolic syndrome

Systolic BP (mmHg) 90 - 180 | Biometric Hypertension criterion; >140 classified as stage 2
Diastolic BP (mmHg) 60 - 120 | Biometric Complementary to systolic in hypertension staging
Fasting Insulin (uIlU/mL) | 2 - 50 Lab Insulin resistance proxy; elevated in pre-diabetes
HbAlc (%) 4.5-95 | Lab >6.5 diagnostic for diabetes

Creatinine (mg/dL) 0.4-25 | Lab Renal function marker; elevated suggests kidney stress
ALT (U/L) 10-95 | Lab Liver enzyme; elevated with metabolic dysfunction
Heart Rate (bpm) 50 - 120 | Biometric Resting HR links to cardiovascular fitness and stress
Sex 0/1 Demographic | Binary encoded: Male = 1, Female = 0

3.2. Data Preprocessing

Before training, numerical features were standardized using z-score normalization so that variables on different scales
contribute equally. Categorical variables such as sex were encoded into numerical form. To ensure a fair evaluation, all
preprocessing transformations were learned from the training data and then applied to validation and test sets,
preventing data leakage. The dataset was split into 80% training and 20% testing using stratified sampling to preserve
the original class distribution. The distribution of key features across patient groups is shown in Fig. 1.

Key Feature Dutributions oy Diagrosis Status
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Figure 1 Distribution of key clinical features across patient groups

3.3. Handling Class Imbalance

The dataset exhibits class imbalance, where approximately 89.1% of samples belong to the low-risk (negative) class
and 10.9% correspond to the high-risk (positive) class. In this study, the positive class represents patients at clinical
risk, which is the minority class of primary interest. This reflects real-world screening scenarios where high-risk
patients are relatively rare but critically important to detect.
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Figure 2 Outlier analysis of key features before preprocessing, indicating the presence of extreme values in the raw
dataset

3.4. Model Development

The proposed framework uses a stacked ensemble consisting of four tree-based base learners - Random Forest,
LightGBM, XGBoost, and CatBoost, selected for their complementary strengths in handling structured healthcare data.
Each base model generates probability outputs, which are then used as inputs to a Logistic Regression meta-learner.
This allows the model to learn how to weight each base learner dynamically, rather than relying on fixed or equal
contributions.

Unlike traditional implementations, model training is tightly coupled with preprocessing and imbalance handling within
the same pipeline, reducing variability across different data splits and improving overall robustness.

3.5. Experimental Setup and Evaluation

Training was performed using 5-fold stratified cross-validation, with SMOTE applied independently within each
training fold. This ensures that oversampling does not influence validation results and avoids overly optimistic
performance estimates.

The final model was evaluated on a separate held-out test set using accuracy, precision, recall, F1-score, and ROC-AUC,
providing a comprehensive assessment of performance across both majority and minority classes.

3.6. Model Interpretability using SHAP

SHAP (SHapley Additive exPlanations) is used to interpret the predictions of the proposed stacked ensemble model.
After training, SHAP values are computed to quantify the contribution of each feature toward the final prediction. This
allows both global interpretabilities, by identifying the most impactful clinical features across the dataset, and local
interpretability, by explaining individual patient-level predictions. The use of SHAP ensures that the model is not only
accurate but also transparent, which is essential for healthcare decision-support systems.

4, Results and Discussion

This section presents the performance of the proposed stacked ensemble and compares it against individual base
models, with particular attention to consistency and reliability under realistic evaluation conditions.

4.1. Comparison of Individual and Stacked Models

Base models were evaluated independently before assessing the full stacked ensemble. Results are shown in Fig. 3 and
Fig. 4. The quantitative performance of the top-performing models is summarized in Table 2.
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Table 2 Performance comparison of top-performing models

Model Accuracy | Precision | Recall | F1-score | ROC-AUC
Stacking Ensemble | 0.9482 0.9558 0.8726 | 0.9123 0.9753
Random Forest 0.9474 0.9613 0.8643 | 0.9102 0.9731
LightGBM 0.9465 0.9583 0.8643 | 0.9089 0.9795
XGBoost 0.9429 0.9405 0.8698 | 0.9038 0.9742

LightGBM and XGBoost perform strongly on their own, but their results vary depending on the data split and evaluation
metric. In contrast, the stacked ensemble shows more consistent performance across accuracy, recall, F1-score, and
ROC-AUC. This improvement is mainly due to the ensemble combining predictions from multiple models, which reduces
the effect of variability from individual learners.
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Figure 3 Performance comparison of individual machine learning models

Model Accuracy Precilsion Recall F1 Score ROC-AUC
8 Stacking Ensemble 0.9482 0.9558 0.8726 0.9753
2 Random Forest 08474 09613 08643 0.8731
5 LightGBi 09465 08583 0.8643 08735
3 XGBaost 0.9429 09405 0.5688 0.8742
T CatBoost 0.9426 0.9414 0.8G80 0.5761
4 SVl 0.89358 Da1v0  0.8708 0.8581
1 Decision Tree 0.9318 09118 0.86325 0.9318
0 Logistic Regressian 09189 086814 08827 0.%568
3 Maive Bayes 0.8987 0.8604 0.8020 09084

Figure 4 Performance comparison between individual models and the stacked ensemble

4.2. ROC Curve Analysis

ROC curves for all models are shown in Fig. 5. The stacked ensemble achieves the highest AUC, reflecting a stronger
ability to separate at-risk from non-risk patients across different thresholds. It also maintains a more stable true positive
rate across different thresholds as the false positive rate increases, something individual models struggle with. In a
clinical context this matters considerably, since failing to identify a high-risk patient is rarely an acceptable outcome.
The results also speak to the integrity of the evaluation. Because SMOTE was applied only inside training folds, synthetic
samples never influenced validation results, making the AUC figures a more honest estimate of real-world performance.
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Figure 5 ROC curves showing classification performance of the models

4.3. Error Analysis using Confusion Matrix

The confusion matrix in Fig. 6 provides a closer look at where predictions succeed and fail. The most meaningful finding
here is the reduction in false negatives relative to individual models. In clinical terms, a false negative means a high-risk
patient is sent away as low-risk, potentially delaying diagnosis and treatment. The ensemble reduces these cases more
effectively by combining predictions from multiple base models, while balanced training through SMOTE ensures that
minority class patients are not frequently missed.
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Figure 6 Confusion matrix of the proposed stacked ensemble model

4.4, Limitations and Future Work

The framework has been tested on a single structured dataset, and how it performs on data from different hospitals or
clinical systems is still an open question. Interpretability is another limitation, strong predictions are only part of what
clinicians need; understanding why a patient is considered as high-risk matters just as much for trust and adoption.
Future work will focus on validating the model across multiple datasets, integrating SHAP explanations more deeply
into the clinical workflow, and exploring whether the framework can be adapted for practical or personalised patient
monitoring.

5. Conclusion

This study proposed a stacked ensemble framework for healthcare risk prediction, combining Random Forest,
LightGBM, XGBoost, and CatBoost as base learners with Logistic Regression as the meta-learner. Evaluated on huge
patient records, the model produced strong and consistent results across all major metrics. The key contribution of this
work is the unified pipeline, integrating preprocessing, SMOTE-based balancing, and model training within stratified
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cross-validation, which reduces the inconsistencies that arise when these stages are treated independently. SHAP-based
explainability was also included to make model outputs more interpretable and suitable for clinical use.

A limitation of our framework is that the evaluation was conducted on a single dataset. Future work will focus on testing
the framework on external clinical datasets to test applicability, as well as exploring deployment in real-time clinical
decision support environments.
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