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Abstract 

Heart disease (HD) is a major cause of death globally. Early and accurate prediction is crucial for effective clinical decision making. 

However, the available datasets in the healthcare domain are prone to data noise, structural outliers, and data imbalance, which 

adversely affect the performance of traditional machine learning (ML) models. To overcome these problems, the current study 

presents a novel approach called ROHG-BXG (Robust Outlier Handling with Generative Adversarial Network and Butterfly 

Optimization Algorithm-Optimized XGBoost) for HD prediction problem in the Personal Key Indicators of Heart Disease 

(PKIOHD) dataset and Framingham dataset. This proposed scheme includes a structural outlier detection algorithm (Isolation 

Forest), a loss-based on-the-fly outlier detection algorithm to eliminate unreliable samples (Outlier Reduction), a class balancing 

algorithm (Conditional Generative Adversarial Networks (CGAN)) and an optimization algorithm for the hyperparameters of the 

XGBoost algorithm (Butterfly Optimization Algorithm (BOA)). The experimental results achieved 92% and 93% accuracy for 

both datasets. The framework was also shown to have an excellent Brier Score of 0.0655 and 0.0391and an excellent Expected 

Calibration Error (ECE) of 0.032 and 0.0217 for both datasets. The outcomes of this work show the proposed ROHG-BXG 

framework is a powerful and reliable tool to predict HD and can be utilized in intelligent clinical decision-support systems. 

 

Keywords- Butterfly optimization algorithm, Generative adversarial network, Heart disease prediction, Isolation forest, On-the-fly 

outlier detection, Robust outlier handling, XGBoost. 

 

 

 

1. Introduction  
Cardiovascular diseases represent one of topmost health issues and high percentages of the global mortality. 

Earlier prediction of the people who are at risk of HD will assist the medical personnel to take preventative 

measures and enhance patient care. ML methods have become more commonly used in medical diagnosis 

because they can be used to study and identify complicated relationships among lifestyle factors, 

demographic variables, and an increased risk of disease (World Health Organization, 2025). Several ML 

models have been extensively used to predict HD including Support Vector Machines (SVM), Decision 

Trees (DT), Random Forests (RF), Naive Bayes (NB), and Logistic Regression (LR). Even though these 

models have positive outcomes, they are often problematic when applied to real-life healthcare data. 

Medical datasets are often noisy, suffer errors during measurements, and include anomalous samples, which 

have adverse impacts on model training and prediction accuracy (Mishra and Mohapatra, 2023). Class 
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imbalance is also another significant issue in predicting HD. In most medical records, there are often a huge 

number of people who are healthy as compared to the number of patients who have HD. CGANs have been 

demonstrated to be effective in the generation of synthetic minority class samples (Pandey et al., 2025) and 

bio-inspired algorithms like Particle Swarm Optimization (PSO) and Genetic Algorithms (GA) have been 

applied to hyperparameter tuning. Nevertheless, the majority of the current literature addresses one of the 

facets of the issue and does not concurrently target noisy observations, outliers, and class imbalance. To 

address these constraints, this study suggests a hybrid ML architecture named ROHG-BXG that 

incorporates an effective outlier processing scheme, synthetic data creation, and metaheuristic optimization 

to enhance reliability of prediction of HD. 

 

2. Literature Review 
Survey and clinical records used as healthcare data sources are prone to noise and biased information as 

well as measurement error. These aspects are sources of anomalous data points that can shape the learning 

process of ML algorithms. The traditional methods of anomaly detection normally eliminate the detected 

outliers prior to training. Nonetheless, straightforward deletion policies can cause deletion of valuable 

information. Moreover, even after initial filtering, noise might still be present in the data. Besides outliers, 

the imbalance between classes plays an important role in the assessment of the ML algorithms (Begum et 

al., 2026). The dataset commonly has minority classes that are underrepresented with the HD patients thus 

classifiers are likely to learn non-significant patterns. Thus, there is a strong need to have a solid ML 

structure, which is sensitive to outliers, noisy data, and class imbalance to enhance predictive accuracy. The 

study has shown that ML frameworks can be utilized to properly analyze health data in order to make 

precise predictions and help medical decision-making. Nonetheless, the study has noted that data quality, 

noise, and lack of sufficient data are still significant threats to health care predictive modeling (Mim et al., 

2025). The DEGAN-CS (Data-enhanced Generative Adversarial Network for Code Search) approach 

emphasizes the significance of improving the quality of the dataset by applying data augmentation 

techniques based on GANs (Hu et al., 2026). It shows the need to focus on the importance of the data-

driven approach, which inspires the application of GAN-based techniques within the proposed framework. 

 

The proposed framework by the authors (El-Sofany et al., 2024) includes the prediction of HD based on 

various methods of feature selection with ML algorithms to identify the significant risk factors influencing 

cardiovascular diseases. Their findings provided better prediction accuracy, in terms of making use of the 

best feature subsets. Nevertheless, the research primarily concerned the relevance of features and did not 

include issues regarding noisy healthcare data and outliers. Similarly, the authors (Majhi and Kashyap, 

2024) proposed explainable artificial intelligence on HD prediction by integrating ensemble ML models 

with SHAP explanations to enhance the interpretability. Although the methodology increased transparency 

in model predictions, it did not examine challenges associated with the problem of class with unbalanced 

and data anomalies that are prevalent in real-world healthcare datasets. In this study (Zhou et al., 2024), 

examined a number of architectures such as convolutional neural networks (CNN), recurrent neural 

networks (RNN), and hybrid deep learning (DL) models. The authors emphasized that DL models have 

good predictive capabilities yet they usually need sizeable datasets and substantial computer power. Jiang 

et al. (2025) created a hybrid optimization-based DL framework that combines optimization algorithms and 

neural networks to detect HD in order to improve prediction capabilities. Although the strategy failed to 

incorporate effective preprocessing procedures to deal with aberrant samples, they discovered that their 

results had greater model accuracy. 

 

Gupta et al. (2025) have compared various ML algorithms are LR, RF and SVM in the prediction of HD. 

The research had the conclusion that ensemble models are better in classification. Nevertheless, the authors 

have mentioned that preprocessing methods of noisy data is still a significant problem in healthcare 
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predictive modeling. In order to enhance cardiovascular disease classification models, Alwakid et al. (2025) 

looked into feature selection and forward selection. The study highlighted the significance of 

interpretability, bias mitigation, and transparency in healthcare ML systems. The framework addressed 

issues with noisy data and anomaly detection, it did not increase feature relevance. On the other hand, 

Alsabhan and Alfadhly (2025) compared different ML models in the prediction of HD based on clinical 

data. The findings showed that the ensemble models including RF and gradient boosting algorithms are 

effective compared to traditional classifiers. In spite of these advances, the study noted that dataset 

imbalance and data noise largely affect the reliability of the prediction. Pal et al. (2025) explored ensemble 

learning techniques for predicting cardiovascular illness and showed that a novel combination of classifiers 

improves prediction accuracy. However, the authors found out that in order to deal with imbalanced 

healthcare data and noisy data, unstable data processing techniques are needed.  

 

Other researchers, such as Hassan et al. (2024), used ML models in the detection of coronary artery disease 

through clinical data and demonstrated good classification results. However, the studies primarily 

concerned comparison of algorithms and did not discuss the anomaly detection and reliability-conscious 

learning mechanisms. In this study proposed an optimistic Chaos Game Optimization (CGO-RNN) 

Recurrent Neural Network to predict HD at its onset. To reduce the computational complexity, the study 

used the Kernel Principal Component Analysis (KPCA) as a feature extraction method and dimensionality 

reduction. The proposed model had good prediction performance whose accuracy exceeded 98%. 

Nevertheless, the research was primarily concerned with optimization-based classification, and it lacked 

discussion on the issues associated with noisy observations, outliers, and class imbalance in medical records 

(Alam and Muqeem, 2024). Dubey et al. (2024) enhanced a hybrid deep learning system that combines the 

Crow Search Optimization Algorithm (CSOA) with deep neural networks (DNN) and CNN in predicting 

heart-related diseases. The Cardio dataset and NIH chest X-ray dataset experimental experiments were 

carried out, and in both experiments, CSOA was employed to optimize model performance. The findings 

were better classification performance attained at approximately 96% using Adam and Nadam optimizers. 

Nevertheless, the research primarily touched upon the optimization of deep learning and did not deal with 

such problems as noise, outliers, and imbalanced classes in health data. The dynamic method used by the 

proposed framework enhances prediction accuracy by selecting the classifiers that are more appropriate for 

that specific sample. In other words, intelligent model selection is critical in enhancing prediction accuracy 

with an ensemble model (Zhang et al., 2025). In this research work suggests a combination of MFS-DLPSO 

(Multi-feature selection Disjunctive particle swarm optimization) techniques and an XGBoost ML 

algorithm as the MFS-DLPSO-XGBoost model to predict cardiovascular diseases. This model resulted, for 

different metrics, in an accuracy of 74.7%, precision of 76.3%, recall of 71.4%, and F1-score of 73.6%. 

Furthermore, the model was able to reach an AUC of 80.8%, beating the XGBoost baseline model in a clear 

way (Cao et al., 2025). The authors developed an Adaptive Parallel Strategy Grey Wolf Optimizer using 

XGBoost (APSGWO-XGB) framework, which integrates feature selection along with the PSO-GWO based 

hyperparameter tuning technique to enhance the performance of heart disease prediction by achieving 

94.2% accuracy on the Kaggle HD dataset. Nevertheless, the framework mainly concentrates on feature 

selection and optimization without considering any issues such as class imbalance and probability 

calibration (Elhadad et al., 2026). 

 

Despite the fact that these studies prove the effectiveness of ML techniques in predicting cardiovascular 

disease, some significant constraints can be identified. To begin with, the majority of the current research 

is concerned with the comparison of algorithms or feature selection but not the occurrence of the noisy 

observations and the presence of anomalous samples in the healthcare data. Second, HD datasets are rarely 

studied with class imbalance, and more sophisticated generative models could impact the capability of the 

models to identify the minority cases correctly. Third, most of the existing literature lacks the use of 
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optimization methods to enhance hyperparameter tuning and model generalization. This could lead to a 

decline in predictive reliability of models used with real-world healthcare data with noise, outliers and 

imbalance. Hence, an effective ML system that can effectively work with outlier identification, data 

imbalance, and optimization of hyperparameters to enhance the predictive accuracy and dependability in 

HD prediction systems is necessary. To address the shortcomings of the existing literature, this work 

suggests the ROHG-BXG framework (Robust Outlier Handling with GAN and BOA-XGBoost) as the 

means of reliable prediction of HD. The proposed framework combines various elements to improve the 

standard level of data and model performance, unlike the traditional techniques using one preprocessing or 

classification method. Begum et al. (2026) developed a GAN-based XGBoost model in the previous 

research utilizing the PKIOHD and Framingham datasets. The previous model involved techniques for the 

GAN-based balancing of data, the elimination of outliers using the Z-score and IQR method, as well as 

optimization of hyperparameters through Optuna. The current ROHG-BXG framework builds on the 

previous study with some additions, such as the introduction of Isolation Forest for the detection of 

irregularities and a loss-based mechanism that minimizes the effect of unreliable data. Moreover, CGAN 

technology is employed for the conditional generation of data, and BOA is used for the hyperparameter 

optimization methods. In addition, this paper has evaluated the performance of probability calibration with 

the Brier Score and ECE methods and compared the costs of optimization techniques. Therefore, while both 

papers utilize the same datasets and the overall concept of the application of GAN-based balancing and 

XGBoost, which includes outlier handling, the current paper differs from the previous work in terms of the 

newly incorporated techniques, weighting mechanism, optimization strategy, and methods of evaluation. 

 

The originality of the proposed framework is that dual outlier processing, reliability-sensitive data 

generation, and optimization-based classification are combined into one prediction framework. In 

particular, the model will initially use Isolation Forest to identify structural abnormalities in the data and 

filter abnormal values. A loss-based on-the-fly outlier weighting mechanism is then proposed to 

dynamically detect the unreliable training samples in the model learning. Moreover, CGAN is used to create 

simulated minority samples to reduce the imbalance of the classes. Lastly, the BOA would be employed in 

the optimization of the XGBoost classifier hyperparameters to improve the performance of the 

classification. The ROHG-BXG framework will promote a robust system, higher prediction reliability, and 

a more stable learning process through the incorporation of these elements in working with noisy and 

imbalanced healthcare data. 

 

2.1 Contributions of the Research Study 
Unlike the traditional ML models applied to predict HD presence, the proposed ROHG-BXG model is 

concerned with enhancing the accuracy of prediction in that it aims to eliminate several issues that the 

healthcare datasets in the problem are known to possess. Majority of the current studies focus mainly on 

the comparison of the classification algorithms or on the enhancement of the accuracy of the model without 

the explicit consideration of the noisy observations, outliers and imbalance between classes. The difference 

between the ROHG-BXG and these methods lies in the fact that it combines both a two-outlier treatment 

system, reliability-aware GAN-based data augmentation, and BOA-optimized XGBoost classification in a 

single pipeline. Also, in contrast to most of the past research, which solely employs measures of 

classification, the framework proposed in this research work integrates both discrimination and calibration 

performance, such as Brier Score and Expected Calibration Error (ECE) to determine the strength of the 

probabilities that have been forecasted. It is an integrated design that enhances the model robustness and 

gives stronger predictions to healthcare decision-support systems. Novel contributions of the proposed 

framework:  
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• In this study, a new hybrid framework called ROHG-BXG is introduced, which combines outlier 

detection at two stages, data balancing using CGAN, hyperparameter optimization via BOA, and final 

prediction through XGBoost all in one single workflow.  

• A novel dual-stage outlier handling mechanism is introduced by combining Isolation Forest and on-the-

fly loss-based outlier detection, enabling the framework to address both structural anomalies and 

unreliable training samples. 

• This work uses a conditional data generation strategy based on CGAN to enhance the representation of 

the minority class after eliminating structural outliers. The method creates more realistic synthetic 

samples compared to the traditional oversampling techniques.  

• The framework, which is proposed, does a detailed analysis based on both classification and calibration, 

offering a better measure of how well prediction can be done in clinical decision support systems.  

 

3. Methodology 

3.1 Data Description 
The research employs the dataset available at the Kaggle notebook PKIOHD presented in Table 1 below. 

The variables in the dataset divided into major categories. The Center for Disease Control (CDC) surveyed 

more than 400,000 people in the US. The health survey is based on dichotomous questions. The cleaning 

process led to the availability of 320,000 records that include 18 critical health factors; the majority of the 

data is unbalanced, and CGAN was used to balance the training data. The "Framingham" HD dataset has 

over 4,240 records with the inclusion of the target column, resulting in a total of 15 features. The dataset is 

used in predicting whether the patient is at 10-year risk of developing (CHD) coronary heart disease. 

 

Imbalanced class analysis: The PKIOHD dataset is comprised of 263,179 instances from the majority class 

and only 24,636 instances from the minority class leading to an imbalanced ratio (IR) of 10.68:1. Similarly, 

in the Framingham dataset, the majority class comprises 2,852 instances and the minority class, 489 

instances resulting in an imbalance ratio of about 5.83:1. The fact that there is a high degree of class 

imbalance in both these datasets may cause ML models to be skewed toward the majority class. This leads 

to lower predictive effectiveness on minority-class samples. That is why we made use of the CGAN 

technique to augment the minority-class samples and hence, bring better class balance that the ROHG-BXG 

model would train on after it is fed the balanced data detailed discussion about datasets are illustrated in the 

Result and Discussion (Section 6: Tables 6 and 7).  

 
Table 1. PKIOHD and Framingham dataset description. 

 

S. No. (a) PKIOHD data features  

Demographic factors  

1. Age category: Classification into different age groups. 

2. Sex: Gender. 

3. Race: Racial background. 

Behavioral risk factors  

4. Smoking: History of smoking at least 100 cigarettes in a lifetime. 

5. Alcohol Drinking: Regular consumption of alcohol.  

6. Physical Activity: Frequency of engaging in physical activities outside work. 

Clinical factors  

7. BMI: calculated using height and weight. 

8. Diabetic: diabetes diagnosis history. 

9. Gen Health: Self-reported overall health status. 

10. Physical Health (PH): No. of days in the past month with poor physical health. 

11. Mental Health (MH): No. of days in the past month with poor mental health. 

12. Diff Walking: Difficulty walking or climbing stairs. 

13. Stroke: Diagnosed with a stroke (History). 

14. Sleep Time: Average no. of hours slept per day. 
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Table 1 continued… 
 

15. Asthma: diagnosed with asthma (History). 

16. Kidney Disease: Kidney Disease History. 

17. Skin Cancer: diagnosed with skin cancer (History). 

S. No. (b) Framingham data feature  

Demographic factors 

1. Age: years. 

2. Sex: gender 

3. Education: Educational attainment level of every person. 

Behavioural risk factors 

4. Current Smoker: Indicates whether the individual is a current smoker. 

5. Cigarettes Per Day: Average number of cigarettes smoked per day. 

Clinical factors 

6. Body Mass Index (BMI): calculated using height and weight. 

7. Blood Pressure Medication (BPMeds): Indicates whether the individual is taking medication for blood pressure 

8. Prevalent Hypertension: History of being diagnosed with hypertension. 

9. Diabetes: diabetes diagnosis (History) . 

10. Total Cholesterol: Total cholesterol level measured in mg/dL. 

11. Systolic Blood Pressure (SBP): Measurement in mmHg. 

12. Diastolic Blood Pressure: Measurement in mmHg. 

13. Heart Rate: Resting heart rate measured in beats per minute. 

14. Glucose: Blood glucose level measured in mg/dL. 

15. Prevalent Stroke: diagnosed with a stroke (History). 

 
 

3.2 Data Preprocessing 
The experiments were conducted on the both datasets Prior to training the models, the data were 

preprocessed, which consisted of categorical encoding and feature scaling. The data set has categorical and 

numerical attributes. Encoding was used to encode categorical variables. The Min-Max scaling was used 

to normalize numerical features so that all variables have the same range. Assume that the input dataset is 

in the form of Equation (1): 

𝑋 = {𝑋1, 𝑋2 … , 𝑋𝑛}                                                                                                                                      (1) 

 

where, 𝑋𝑖 is a representation of sample 𝑖. Once it has been preprocessed and scaled, it is transformed into 

the trained data of a model. 

 

3.3 Isolation Forest for Outlier Detection 
To enhance the quality of data, Isolation Forest was used to identify structural abnormalities of the data. 

Isolation Forest separates the anomalies by dividing the feature space randomly. Statistical aberration of a 

sample 𝑥 is defined as in Equation (2): 

𝑠(𝑥, 𝑛) = 2
−

𝐸(ℎ(𝑥))

𝑐(𝑛)                                                                                                                                         (2) 
 

where, ℎ(𝑥)represents the path length of sample x. c(n) represents an average path length of an isolation 

tree. The samples that attain high scores on anomaly are treated as outliers and are eliminated in the training 

dataset (Chugh et al., 2025). The Isolation Forest algorithm is utilized prior to CGAN to eliminate only 

those structurally anomalous instances which could affect the learning process of the generator. The use of 

the algorithm ensures that the data representing the distribution of meaningful instances is preserved, while 

at the same time minimizing the impact of the noise instances. 
 

3.4 On-the-Fly Loss-Based Outlier Detection 
Healthcare data are full of noisy observations and the existence of anomalous samples which adversely 

impact on the model evaluation. In order to minimize the impact of this type of samples, a loss-based 
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adaptive weighting mechanism is presented. The first step is to train the initial LR model to predict the 

probability of prediction of every sample (Lam et al., 2026). The cross-entropy loss of the individual sample 

is given as in Equation (3). In the proposed on-the-fly loss-based outlier detection module, LR is used as 

an auxiliary model to estimate sample-wise prediction probabilities, then calculate cross-entropy loss. The 

loss values computed are converted to reliability weights and then fed into the training of the BOA 

optimized XGBoost classifier. LR is not used as the final prediction model it can be used only in the 

preprocessing stage to estimate the efficiency of the reliability. The reason for using LR as a supplementary 

reliability model is that it yields sample-based probabilistic outcomes, permitting the straightforward 

computation of cross-entropy loss. The purpose of LR in this phase is not delivering the final classification 

of the data but giving a straightforward and interpretable probability-based benchmark for estimating the 

reliability of the training samples. Thus, the samples that experience high prediction loss are deemed less 

trustworthy, lowering their reliability weights. The derived weights are then utilized in the training process 

of the XGBoost classifier optimized using BOA. The fact that LR allows for a linear probabilistic model 

does not mean that XGBoost’s ability to learn and deal with nonlinear problem-solving is confined since 

LR is aimed solely at producing reliability estimates while the classification is performed by XGBoost. 

Hence, LR is focused on providing a viable computation of reliability while XGBoost establishes complex 

nonlinear correlations in the data presenting HD. 

𝐿𝑖 = − ∑ 𝑦𝑖 log(𝑝𝑖)                                                                                                                                      (3) 

 

where, 𝑦𝑖 the true label and 𝑝𝑖 is the predicted probability. Exponential moving average of the loss is 

expanded as in Equation (4): 

𝜇𝑡 = (1 − 𝛼)𝜇𝑡−1 + 𝛼𝐿𝑡                                                                                                                              (4) 

 

where, 𝛼 is the smoothing factor. The deviation of each sample is determined using the z-score in the 

Equation (5) (Andrade, 2021).  

𝑧𝑖 =
𝐿𝑖−𝜇

𝜎
                                                                                                                                                       (5) 

 

where, 𝜎 represents the standard deviation of losses. A reliability weight is then assigned to each sample 

using the error function in the Equation (6) (Lam et al., 2026).  

𝑤𝑖 = 0.5 (1 − erf (
𝑧𝑖−𝜏

√2
))                                                                                                                             (6) 

 

Samples with the high deviations with lower weights, decrease their impact during training. As such, the 

reliability weights generated by the released auxiliary LR model define the way unreliable samples are 

weighted but not the final class prediction. The final classification will be performed by the optimized 

XGBoost classifier which ensures that the final model correctly captures the nonlinear dependencies among 

the clinical and demographic features.  

 

3.5 CGAN for the Class Balance 
In order to improve its resistance to the issue of noisy and unreliable samples, the suggested framework 

makes use of a CGAN. In contrast to the traditional Generative Adversarial Networks (GANs), CGAN is a 

data generation model that uses the information about the class labels as one more condition of the data 

generation process. This enables the generator to get to know the conditional data distribution so that the 

generated samples are related to certain class labels. A CGAN is composed of two competing neural 

networks, one of them being a generator 𝐺 and a discriminator 𝐷. The aim of the generator is to generate 

conditioned synthetic samples on the label of the class. 𝑦, as the discriminator analyzes the authenticity of 

a sample in regard to whether it is generated or real. The adversarial learning method allows the generator 
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to acquire meaningful data distribution representations. The objective role of the CGAN may be specified 

as in Equation (7): 

𝑚𝑖𝑛𝐺𝑚𝑎𝑥𝐷𝑉(𝐷, 𝐺) = 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔𝐷(𝑥|𝑦)] + 𝐸𝑧~𝑝𝑧(𝑧) [𝑙𝑜𝑔 (1 − 𝐷(𝐺(𝑧|𝑦)))]                               (7) 

 

In which x represents is actual data samples, 𝑧 is random noise, and 𝑦 is the conditional label data. This 

adversarial learning process helps CGAN to acquire the underlying conditional data distribution, and 

generate more organized and realistic samples, so that the proposed ROHG-BXG framework is more robust 

and ready to classify (Goodfellow et al., 2020). 

 

3.6 BOA for the Tuning Hyperparameters of the XGBoost Model 
BOA helps in optimizing the hyperparameters of the proposed model classifier to increase model 

performance. BOA is a swarm-based optimization method that has a swarm-based inspiration that is based 

on the foraging behavior of the butterfly, its parameters illustrated in Table 2. The intensity of fragrance of 

each butterfly is determined as in the Equation (8) (Arora and Singh, 2019). 

𝑓𝑖 = 𝑐𝐼𝑎                                                                                                                                                       (8) 

 

where, 𝑐 is the sensory modality, 𝐼 is the stimulus intensity, and 𝑎 is a power exponent. The position update 

rule is given by in the Equation (9) 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝑟2(𝑔∗ − 𝑥𝑖
𝑡)𝑓𝑖                                                                                                                         (9) 

 

where, 𝑥𝑖
𝑡 represents the current solution, 𝑔∗is the global best solution, and 𝑟 is a random number. BOA 

iteratively searches for optimal hyperparameter values such as learning rate, tree depth, and regularization 

parameters. 

 
Table 2. BOA parameters. 

 

Parameter Value Description 

Population size 5 Number of butterflies 

Iterations 8 Number of optimization cycles 

Sensory modality (c) 0.01 Controls fragrance intensity 

Power exponent (a) 0.1 Fragrance scaling factor 

Switching probability (p) 0.8 Controls global/local search 

 

 

Table 3. Model hyperparameters search space. 
 

Hyperparameter Description Search range 

n_estimators No. of boosting trees 100 – 400 

max_depth Maximum depth of DT 3 – 10 

learning_rate Step size shrinkage 0.01 – 0.20 

subsample Training samples used per tree 0.70 – 1.00 

colsample_bytree Features used per tree 0.70 – 1.00 

gamma Minimum loss reduction required for splitting 0 – 3 

min_child_weight Minimum weight required in child nodes 1 – 8 

reg_alpha L1 term 0 – 5 

reg_lambda L2 term 0 – 5 

 

 

XGBoost, which builds a set of DT through gradient boosting. XGBoost objective function is given as 

XGBoost is a type of ML model that is defined by the objective function is illustrated in the Equation (10).  

𝐿 = ∑ 𝑙(𝑦𝑖 , 𝑦𝑖̂) + ∑ Ω(𝑓𝑘)                                                                                                                          (10) 
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where, 𝑙  represents the training loss and Ω is the regularization term controlling model complexity. By 

combining BOA-based optimization with XGBoost classification, the proposed framework improves 

prediction performance while preventing overfitting and the Model hyperparameters are illustrated in the 

Table 3. 

 

The BOA Algorithm was chosen due to its balanced capacity of exploration and exploitation, thus providing 

an opportunity for efficient global search as well as minimizing chances for premature convergence to local 

optimum. Moreover, BOA showed its efficiency in dealing with complex nonlinear optimization problems. 

The aim of the current study was to examine the efficiency of the ROHG-BXG framework through 

hyperparameter optimization based on the BOA algorithm. The comparative analysis with other 

optimization methods, including Classic Bayesian Optimization and Optuna, also evaluated. 

 

4. Proposed ROHG-BXG Framework 
 

 
 

Figure 1. Overall framework of ROHG-BX. 
 

 

The suggested ROHG-BXG framework will enhance the credibility of the prediction of HD in the case of 

noisy and imbalanced healthcare data. Medical data tends to have anomalous cases and class distribution 

that might adversely interfere with ML model performance. In order to overcome these issues, the ROHG-

BXG framework combines the strong preprocessing, generative data augmentation, and optimization-based 

classification into a single pipeline. The first phase is known as preprocessing and encoding of the dataset 

to be trained on the model. Isolation Forest is utilized to detect structural outliers and drop anomalous 

samples in order to enhance data quality. A loss-based on-the-fly outlier detector is then used to weight 

training samples adaptively, giving less weight to samples that are unreliable. A CGAN is used in order to 

alleviate the imbalance in the classes to create synthetic minority samples, which has the effect of enhancing 
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the classifier to identify HD cases. The BOA will be used to tune the hyperparameters of the XGBoost 

classifier to enhance predictive performance after balancing the dataset. Lastly, the XGBoost is optimized 

to predict HD. The general steps of the ROHG-BXG framework involve pre-processing, dual outlier 

management, GAN-based oversampling, BOA optimization, and classification, which can be used to 

provide powerful and dependable prediction in healthcare data. Also, the suggested framework assesses 

probability calibration and classification performance. Although the majority of the available literature is 

dedicated to the classification measures. Moreover, the calibration curves are studied to explore the 

consistency of the results of the predicted probabilities and the real outcomes so that the model would 

provide the credible risk estimates in predicting HD the ROHG-BXG model is depicted in the Figure 1. 

and illustrated in the Table 4 (Algorithm 1). 
 

Table 4. Proposed ROHG-BXG framework.  
 

Algorithm 1: ROHG-BXG Framework for HD Prediction 

Require: Preprocessed HD dataset, normalized features, training–testing split (80:20) 

1. Load the processed heart disease dataset containing patient features and class labels. 

2. Dataset partition into training and testing. 

3. Normalize the feature values to maintain consistent scaling. 

4. Train a Logistic Regression model using the training data. 

5. Obtain prediction probabilities for each training sample. 

6. Compute the cross-entropy loss for each sample. 

7. Estimate the mean and variance of the loss distribution using an exponential moving average. 

8. Compute the Z-score for each sample based on the deviation from the loss distribution. 

9. Assign reliability weights so that samples with large deviation have less influence during training. 

10. Train a CGAN using minority class samples. 

11. Generate additional samples conditioned on class labels to improve class balance. 

12. Combine the original samples and generated samples to form an augmented dataset. 

13. Initialize the Butterfly Optimization Algorithm to search for suitable parameters of the XGBoost classifier. 

14. Evaluate candidate parameter sets using model performance measures. 

15. Best parameter configuration that produces the better performance. 

16. Train the XGBoost classifier using the optimized parameters and augmented dataset. 

17. Apply the trained model to the testing dataset. 

18. Evaluate the model using metrics  

Output: Predicted HD risk with probability values. 
 

 

5. ROHG-BXG Model Metrics 
The proposed ROHG-BXG evaluated using several performance metrics, including classification and 

calibration measures illustrated in the Table 5. 

 
Table 5. Metrics and their formulas. 

 

S. No. Metrics  Formula  

1. Accuracy  
𝑇𝑁+𝑇𝑃

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  

2. Recall 
𝑇𝑃

𝑇𝑃+𝐹𝑁
  

3. Specificity  
𝑇𝑁

𝑇𝑁+𝐹𝑃
  

4. Precision 
𝑇𝑃

𝑇𝑃+𝐹𝑃
  

5. F1-Score 
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
  

6. NPV 
𝑇𝑁

𝑇𝑁+𝐹𝑁
  

7. PPV 
𝑇𝑃

𝑇𝑃+𝐹𝑃
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Besides these classification measures, there are ROC-AUC that are applied to assess the performance of 

discrimination. To determine the reliability of prediction, Brier Score and ECE are estimated, which give 

the information about the calibration of the predicted probabilities. Analysis is also made of the calibration 

curves to analyze the correspondence between the estimated occurrences and real events. 

 

6. Results and Discussion 
The dual outlier detection is a process that enhances the quality of the training data used as it deals with 

various forms of anomalies. Isolation Forest is used in the first step to detect and eliminate global structural 

outliers, which are samples that are substantially different than the general data distribution. Nevertheless, 

there are still some samples that can be normal statistically and have abnormal behavior when training the 

model. To overcome this, the second step uses an on the fly loss based detection scheme that considers the 

training loss of each sample and gives a low weight value to samples that have abnormally high loss values. 

This method enables the model to minimize the effect of hard or noisy samples without necessarily barring 

the possible useful information. Consequently, the dual stage structure enhances the stability of models, and 

improves the quality of data and the ability to learn with large scale healthcare datasets. The dataset partition 

and its outlier removal process is illustrated in the Tables 6 and 7. 

 
Table 6. Summary of dataset partitioning and outlier detection results for PKIOHD data. 

 

Stage Dataset size 

Original dataset 3,19,795 

Before isolation forest 2,55,836 

Outliers removed by IF 3838 

Outliers removed by on-the-fly 7485 

Balanced size 324513 

 
 

Table 7. Summary of dataset partitioning and outlier detection results for Framingham data. 
 

Processing step Number of samples 

Original Dataset Size 4240 

Missing Values After Imputation 0 

Samples Before Isolation Forest 3392 

Outliers Removed by isolation Forest 51 

Training Samples After Isolation Forest 3341 

Outliers Removed by on the fly 87 

Balanced Training Dataset (After CGAN) 5704 

 

 

The BOA convergence behavior applied in the proposed ROHG-BXG is shown in Figure 2. The 

convergence curve illustrates how the optimization process is gradually being improved with a series of 

successive steps. Within the first few iterations (0-4), the algorithm has a relatively stable objective value 

of about 0.9121, which shows the exploration phase during which the candidate solutions are analyzed. The 

objective value starts accelerating with an observable peak at about iteration number 5 as the algorithm 

switches to exploitation as more preferable parameter configurations are found. Once this stage is reached, 

the curve plateaus with only slight oscillations, this means that the algorithm has settled down to an optimal 

solution. The last version exhibits a minor increase, which proves the stability and effectiveness of the 

optimizing process. This convergence effect shows that BOA can effectively explore the solution space and 

optimized the hyperparameters of the suggested ROHG-BXG framework and, thus, help to develop 

predictive capabilities and model stability in HD prediction. 
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Figure 2. ROHG-BXG convergence. 

 

 

Table 8 shows the relative performance of the various XGBoost settings with various outlier handling 

methods. The findings show that a strong outlier detection mechanism contributes to a highest stability and 

predictability of models. The baseline models that employed Isolation Forest and on-the-fly outlier 

detection both yielded similar results and reached an accuracy of 91% but the model proposed ROHG-BXG 

framework presents a better overall performance with 92% accuracy and F1-score with 89%. Moreover, 

the proposed model is calibrated to have a high probability with a Brier score of 0.0655 and ECE of 0.032 

and a strong predictive reliability as indicated by PPV (89%), and NPV (93%) on PKIOHD data. These 

results affirm that the method of CGAN-based data balancing combined with the hybrid outlier removal 

enhances the suppleness and the generalization power of the XGBoost model, which makes the ROHG-

BXG framework more effective in HD prediction than the base methodologies additionally evaluated on 

Framingham dataset also it is achieved better performance compared with other models. 

 
Table 8. Comparative results of outlier handling methods in XGBoost models for the PKIOHD dataset. 

 

Model 

configuration 

Balancing 

technique 

Outlier 

removal 
Accuracy  

F1-

Score 
Precision Recall 

AUC-

ROC 

Brier 

score 
ECE PPV NPV 

XGBoost with 

Isolation Forest 
GAN 

Isolation 

Forest 
91% 89% 89% 92% 84% 0.0657 0.034 89 93 

XGBoost with 

on the Fly 
GAN on the fly 91% 89% 89% 91% 83% 0.0688 0.039 89 92 

ROHG-BXG 

(Proposed) 
GAN 

Isolation 

Forest+ On the 

fly 

92% 89% 89% 91% 83% 0.0655 0.032 89 93 

 

 

Table 9 presents comparisons of three hyperparameter optimization algorithms: the Bayesian Optimization, 

Optuna, and the ROHG-BXG algorithm. The proposed algorithm, ROHG-BXG, was the one which 

provided the best results for Accuracy (0.92%) and F1 score (0.91%), as well as the best Brier Score 

(0.0655). Bayesian Optimization is the one that gives the lowest ECE of (0.0108), but the overall 
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comparison results showed that the proposed ROHG-BXG algorithm managed to maintain its superior 

classification accuracy while being robust for the PKIOHD dataset. 

 

Initially, to evaluate outlier removal techniques (Isolation Forest and On-the-Fly outlier detection), the 

model was evaluated using them separately one. They were to see the effect of each individually on the 

final result. A combination of the two approaches was decided based on the findings. After hybrid outlier 

removal combined Isolation Forest and On-the- Fly techniques in such a manner that the removal of noisy 

examples at the same time leaving good examples, the final model (ROHG-BXG) gave best overall results 

in the terms of prediction accuracy and model reliability then applied. Evaluated the efficacy of the BOA 

optimization algorithm by benchmarking it against the Optuna and Standard Bayesian Optimization 

algorithms on the PKIOHD and Framingham datasets. The new method turned out to outperform all others 

across a variety of performance measures, thus confirming that the method is efficient and applicable for 

HD prediction. 

 
Table 9. Comparative performance of hyperparameter optimization techniques for PKIOHD dataset. 

 

Hyperparameter optimization 

method 
Accuracy (%) Precision (%) Recall (%) F1-score (%) ROC AUC Brier score ECE 

Bayesian Optimization 0.9161 0.89 0.91 0.88 0.83 0.0679 0.0108 

Optuna 0.9163 0.89 0.91 0.88 0.83 0.0678 0.036 

ROHG-BXG(Proposed) 0.92 0.89 0.89 0.91 0.83 0.0655 0.032 

 

 

Table 10 highlights the performances of Optuna, Standard Bayesian Optimization, and the proposed model-

based optimization technique as hyperparameter optimization methods in terms of several metrics of 

classification and discrimination. This proposed method showed the best results with an accuracy of 

0.9557% and an F1-score of 0.9510%. Moreover, it had the lowest Brier Score (0.0391) and ECE (0.0217), 

making the technique to achieve higher performance when it came to both classification and probability 

calibration. 

 
Table 10. Comparative performance of hyperparameter optimization techniques for Framingham dataset. 

 

Metrics Optuna Standard Bayesian optimization ROHG-BXG (Proposed) 

Accuracy (%) 0.9527 0.9545 0.9557 

Precision (%) 0.9813 0.9962 0.9850 

Recall (%) 0.9228 0.9123 0.9193 

F1 Score (%) 0.9512 0.9524 0.9510 

Specificity (%) 0.9825 0.9965 0.9860 

AUC 0.9831 0.9830 0.9833 

Brier Score 0.0395 0.0390 0.0391 

Calibration Slope 0.0840 0.0962 0.0960 

ECE 0.0230 0.0203 0.0217 

 

 

The comparative analysis of both data samples indicates that the suggested hyperparameter optimization 

based on the BOA leads to an overall well-balanced better performance when compared to Optuna and 

Standard Bayesian Optimization. While in some cases the optimization algorithms achieved higher results 

on certain metrics, the proposed model showed better results across multiple metrics. As a result, the 

proposed BOA algorithm not only improves classification performance but also enhances the credibility of 

the probabilities, making it a powerful and stable hyperparameter optimization method for HD prediction. 

 

Figure 3 demonstrates the ROC and the calibration curve of the tested models and shows that the tested 

models may be characterized by a comparatively predictive nature of the baseline XGBoost settings and 
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the proposed ROHG-BXG framework. All the ROC curves show that all models have a high discriminative 

ability, and the value of the AUC exceeds 0.83, which means that all models are highly sensitive to predict 

heart disease. Although the baseline models based on Isolation Forest and an-impromptu outlier detection 

demonstrate competitive performances, the suggested ROHG-BXG model has a similar discriminative 

ability with the added advantage of greater robustness due to hybrid outlier treatment. The suggested 

ROHG-BXG model demonstrates the consistency of probability estimation which shows the predictive 

consistency even when the model operates on noisy or skewed data. Combining data balancing using GAN 

with two-stage outlier filtering, the presented framework minimizes the impact of anomalous samples and 

enhances the stability of models. In general, the visual analysis by ROHG-BXG model shows that there is 

a trade-off between the level of discrimination and the level of calibration, which is balanced and supports 

the ROHG-BXG model as effective to predict HD robustly. The proposed ROHG-BXG framework 

outperformed then the XGBoost model optimized by the Bayesian Optimization algorithm by Budholiya et 

al. (2022) which yielded accuracy of 91.8% on the Cleveland dataset with the added advantage of dual 

outlier detection and probability calibration. The proposed framework aims to enhance the prediction 

reliability by employing class balancing using CGAN and the hyperparameter optimization using BOA, 

rather than focusing on classification accuracy as in previous methods. 

 

 
 

Figure 3. ROC curve’s and calibration slope for the PKIOHD data. 
 

 

Conducting the experiment, a computer system with an 11th Generation Intel® Core™ i5-11300H 

processor running at a frequency of 3.10 GHz and 16 GB RAM was used. The system had an integrated 

Intel® Iris® Xe Graphics and had a storage capacity of 477 GB. The experimental results show that the 

ROHG-BXG framework was able to complete the training period in 13 minutes on the PKIOHD dataset 

and in 9 minutes on the Framingham dataset. For prediction only 8 and 5 seconds were needed, respectively. 

Although training process requires additional computational efforts due to CGAN-based data generation 

and BOA-based hyperparameter optimization, these operations are done offline. After the classifier is 
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trained an optimized XGBoost classifier allows for quick predictions and shows the proposed framework 

is computationally efficient for practical HD prediction applications illustrated in Table 11, and the time 

comparison of baseline optimization techniques and the proposed are used illustrated in the Table 12. 

 
Table 11. Execution time of the proposed ROHG-BXG framework. 

 

Dataset Training time Prediction time 

Proposed model on PKIOHD 13 min 8s 

Proposed model on Framingham 9 min 5s 

 

 

Table 12. Computational cost comparison on PKIOHD data. 
 

Method Computational cost (seconds) 

Bayesian Optimization 120 

Optuna 95 

ROHG-BXG 180 

 
 

 
 

Figure 4. Confusion matrices of the proposed model. 

 

 

Figure 4 depicts the confusion matrices of our ROHG-BXG model on the PKIOHD dataset and 

Framingham dataset. The confusion matrices indicate that the model can successfully distinguish and 

predict HD versus non-HD cases as the number of correct predictions is high with relatively few 

misclassifications. Classification accuracy of the PKIOHD dataset is very good, which can be seen from 

the confusion matrix, whereas the confusion matrix of the Framingham dataset also shows very good 

classification between the two classes. It is worth mentioning that such robustness and efficiency on HD 

prediction have been proven through different types of datasets by the developed ROHG-BXG model. 

 

SHapley Additive exPlanations (SHAP) method is used to identify the main features that contribute to the 

predict HD. This demonstrates the capability of the model to pick up and represent clinically significant 

risk factors. In the PKIOHD dataset Sex, Age Category, General Health, Trouble Walking, and Diabetes 
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are the most important factors whereas in Framingham dataset the major predictors are Cigarettes per Day, 

Age, Heart Rate, Glucose, and Systolic Blood Pressure illustrated in the figure. The SHAP value above 

zero means a higher risk of HD, while a negative SHAP value would lead to a lower prediction level. These 

results indicate that the suggested ROHG-BXG model delivers reliable, transparent, and intelligible 

decision outcomes by clearly indicating the influence of each feature on the final decision, as illustrated in 

Figure 5. 

 

 
 

Figure 5. SHAP summary plots of the ROHG-BXG model. 

 

 

Figure 6 illustrates the SHAP feature importance rankings derived from our proposed ROHG-BXG model 

applied to the PKIOHD and Framingham datasets. The mean absolute SHAP values, in this case, measure 

how much each feature contributed, on average, to the final result of predicting HD. The Sex feature and 

Age Category stand out as having the greatest impact in determining the outcome of a PKIOHD dataset 

prediction whereas, in the case of Framingham dataset, it has been found that Cigarettes Per Day along with 

Age make the biggest differences to prediction output. This result highlights that through model explanation 

techniques like SHAP, the proposed model can identify the key clinical parameters and demographic factors 

that have the greatest effect on prediction performance. 

 

Table 13 conducts a comparative review of available methods of HD prediction and proposed model. Many 

studies provided insights ML and optimal methods to enhance the effectiveness. In this study (Chen et al., 

2024) applied an Adversarial Generative Network (AGAN) with a fractional gradient descent and Swish 

activation to missing data imputation on both UCI and PKIOHD datasets, but did not provide the main 

metrics of evaluation (F1-score, calibration metrics, and predictive values). Budholiya et al. (2022) used 

Bayesian optimization with XGBoost on the Cleveland dataset and got an accuracy of 91.8%, but the 

evaluation metrics were not elaborated. In this study (Manikandan et al., 2024), LR with and without Boruta 

feature selection was compared on the Cleveland dataset, achieving an F1-score of 89.23 and an accuracy 
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of 88.52, but no sophisticated preprocessing techniques, including data balancing or outlier detection, were 

included. Similarly, Sharma and Agarwal (2024) explored the use of RF, SVM, and XGBoost models using 

Optuna-based hyperparameter optimization that demonstrated accuracy values of approximately 88% 

though it did not discuss the issue of class imbalance or robust anomaly treatment. 

 

 
 

Figure 6. Global SHAP feature importance of the proposed ROHG-BXG model. 

 

 

Other methods like (Srinivas and Katarya, 2022) hyOPTXg that used Optuna optimization had F1-scores 

of up to 90.38 and (Deng et al., 2025) LightGBM with SMOTE-based balancing and SHAP analysis with 

90.61% accuracy on the BRFSS dataset. Also, Mandula and Kumar (2024) proposed an ensemble model 

that involves ANOVA and LASSO feature selection with adaptive boosted decision fusion, with a 

performance of 88-89. More recently, Sasirekha and Kanisha (2025) theorized the Adaptive Synthetic 

Ensemble Balancer (ASEB), which combined SMOTE and GAN-based balancing, except that it did not 

optimize hyperparameters but instead made modifications to the weights of the ensemble but less 

performance compared with the proposed model. 

 

Conversely, the proposed model (2026) presents a holistic pipeline, which incorporates the CGAN-based 

data balancing scheme, dual outlier detection schemes, as well as BOA to tune the hyperparameters in the 

ROHG-BXG framework. In contrast to some of the past analyses that emphasized the single aspect of 

improvement like feature selection, balancing, or tuning, the suggested methodology considers the data 

imbalance issue, anomaly detection issue, and model optimization problem in one framework. 

Consequently, the model will attain 92% accuracy and 89% F1-score with the calibration values reported 

like Brier score (0.0655) and ECE (0.032) and are seldom reported in earlier research. Besides, the model 

exhibits high predictive reliability, having 93% PPV and 89% NPV on PKIOHD data, and also performed 

well on the Framingham dataset, with the highest accuracy of 0.9557 %, and with the lowest ECE then the 

proposed model performed well compare with existing model also explored with classification and 

calibration. 
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Table 13. Comparative analysis of proposed work with the existing work. 
 

Year Dataset 
Data 

balancing 

Outlier 

handling 

Model 

parameter

s tuning 

Model 

F1- 
Accura

cy (%) 

Brier 

score 

EC

E 

NP

V 

PP

V Score 

2024 
HD & 

PKIOHD 
X X 

Fractional 
GD + 

Swish 

Activation 

AGAN is 
Used for 

Missing Data 

Imputation 

X X X X X X 

2022 
Cleveland 

HD 
X X 

Bayesian 
Optimizati

on 

Optimized 

XGBoost 
X 91.8 X X X X 

2024 Cleveland X X X 

LR with 

/without 
Boruta 

89.23 88.52 X X X X 

2024 
Kaggle 

HD 
X Standard 

Optuna 
RF, SVM, 
XGBoost 

87 
(all) 

87.84, 

88.07, 

88.03 
X X X X 

Without 

Optuna 

RF, SVM, 

XGBoost 

86.32, 
88, 

86.16 

87.05, 
88.01, 

86.87 

2022 

Heart 

Failure 

X X Optuna hyOPTXg 

89.43 89.34 X X X X 

HD 

90.38 88.5 X X X X 
UCI 

kaggle 

Dataset 

2025 

HD 

Dataset 

(BRFSS 
2015; 

253,682 

Samples) 

SMOTE Standard 

Grid 

Search, 
SHAP 

LightGBM 

X 90.61 X X X X 

Framingh
am dataset 

X 85.26 X X X X 

2024 HD Data X X X 

ALAN 

(ANOVA + 

LASSO) ET-
ABDF 

(Ensemble 

Technique 
with 

Adaptive 

Boosted 
Decision 

Fusion) 

89 88 X X X X 

2025 

HD 

Dataset 

(BRFSS 

2015; 

253,682 
Samples) 

SMOTE+G

AN 
X X 

ASEB 

(Adaptive 
Synthetic 

Ensemble 
Balancer) 

only Modifies 

Ensemble and 
Class 

Weights; It 

Does Not 
Tune 

Hyperparame

ters. 

85 85 X X X X 

Propos

ed 

Model 

(2026) 

PKIOHD GAN 

Dual 

Outlier 

Handling 

BOA ROHG-BXG 89 92 0.0655 
0.03

2 
89 93 
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Generally, the proposed approach provides a better, more highly calibrated prediction model than the 

available ones because it employs sophisticated methods for data preprocessing, optimization, and 

probabilistic calibration assessment, which contribute to greater reliability in HD risk prediction. The most 

important novelty of the work is the introduction of a two-stage hybrid approach to outlier avoidance, aimed 

at calibrating the confidence of the last iteration to improve the model's dependability and its predictive 

accuracy. In contrast to the traditional methods, which use one preprocessing mechanism, the suggested 

framework will initially remove the global anomalies by applying Isolation Forest to remove the samples 

with structural inconsistencies to the training set. Then it implements an on-the-fly, loss-based detection 

scheme during model training, dynamically detecting samples exhibiting abnormal learning behavior and 

down-weighting them rather than simply discarding them. Such a twofold mechanism allows the model to 

handle hard outliers and training-time anomalous samples, enhancing learning stability. In addition, the 

framework includes calibration of model confidence at the end of the iterations so that the model predicted 

probabilities are more consistent with the actual predictive reliability of the model. The hybrid outlier 

mitigation, combined with adaptive training-time filtering and confidence calibration, represents one single 

pipeline, which makes predictions in large-scale datasets of HD more robust and credible. Overall, the 

comparative study shows that the proposed ROHG-BXG model is a more complete solution than current 

HD prediction models. In contrast to existing works that typically focused on feature selection, class 

balancing, or hyperparameter optimization separately, the proposed framework is able to combine all of 

them together into a single framework: dual outlier detection, data balancing using CGAN and 

hyperparameter optimization using BOA, and probability calibration. This combination enhances the 

prediction accuracy, robustness of the models, and reliability of probability estimation, making the 

proposed framework more applicable to practical healthcare applications. 

 

Despite all the above-stated steps, such as dual-stage outlier detection, CGAN, and BOA, which are 

included in the design of the proposed algorithm, they are all applied to the model only in its offline version. 

In fact, once the model is trained, HD predictions can be performed using only the optimized XGBoost 

classifier, making the inference phase very efficient. Besides structural outliers, class imbalance, noisy 

observations, healthcare data sets may also raise such issues as overlapping class distributions, high-

dimensional feature spaces, and small disjuncts. Overlapping classes can be defined as different classes 

having very similar attributes, resulting in the classification of one instance belonging to both classes. To 

avoid the curse of high-dimensional data, one of the common methods used to reduce the data size is to 

apply techniques that reduce the dimensionality of the feature space to the minimum needed to still capture 

most of the variation in the data and thereby improve the computation speed and model generalization 

capability. Small disjuncts refer to very small groups within a larger dataset that the ML models tend to 

ignore due to the insufficient information they can get out of those groups. The PKIOHD and Framingham 

datasets in the present study have only 17 features and 15 features, respectively, so the issue of high 

dimensionality is not that critical. The main focus of the present investigation is to propose a ROHG-BXG 

model capable of overcoming the prevalent data quality problems in the datasets, which are structural 

outliers, noisy observations, and class imbalance problems. 

 

7. Conclusion and Future Work 
In this research study, a hybrid ROHG-BXG model is used to predict HD with high reliability using 

healthcare data that can be noisy, contain outliers, be skewed, and have an uneven class distribution. The 

suggested framework incorporates dual outlier management, CGAN-generated synthetic data, and BOA-

optimized XGBoost classification within a single pipeline. The Isolation Forest algorithm is applied to 

detect structural anomalies in the dataset, and a loss function based on the fly-weighting mechanism 

minimizes the contribution of untrustworthy training samples. Moreover, the CGAN model produces 

minority-class samples, which increases class balance and improves the model's learning. BOA is used to 
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optimize the XGBoost classifier by tuning hyperparameters to enhance prediction. The proposed framework 

is experimentally evaluated to demonstrate that it achieves high classification performance compared with 

several current ML methods. Moreover, probability calibration measures such as Brier Score and ECE are 

included, which are more informative about prediction reliability. Altogether, the ROHG-BXG framework 

should be seen as a strong and valid tool of predicting HD and could be used to assist clinical decision-

making systems within health care setting. Future research may focus on advancing DL architectures and 

investigating transformer-based models to strengthen feature extraction and representation learning. 

Additionally, hybrid optimization strategies, such as combining arithmetic optimization with slime mould 

algorithms, could be explored to improve global search performance and tackle complex design 

optimization challenges more effectively. Advanced technologies in healthcare data collection can be 

explored in future studies to enhance the quality and variety of clinical data. Data from Internet of Things 

(IoT) based wearable devices, smartwatches, wireless body sensor networks, mobile health (mHealth) 

applications, electronic health records (EHRs) and remote patient monitoring (RPM) can give the real-time 

physiological and lifestyle data. The use of these technologies in the proposed ROHG-BXG framework 

could allow the prediction of HD in real-time, individual healthcare, and better clinical decision support. 
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