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Abstract

Cardiovascular disease (CVD) remains one of the leading causes of mortality
globally, thus early risk prediction critical for preventative healthcare. Although
machine learning methods have shown promising results in CVD prediction,
many existing models are difficult to interpret in clinical practice. This study
proposes a CVD risk prediction platform that combines gradient boosting (GB)
with fuzzy linguistic representation to improve both predictive performance and
interpretability. approach has numerous preprocessing phases, including data
cleaning, normalization, outlier handling, and recursive feature elimination
(RFE) for feature selection. Numerical clinical attributes are transformed into
fuzzy linguistic variables to provide more intuitive risk interpretation for
healthcare professionals. The gradient boosting model is trained using both
original and fuzzy-transformed feature representations to improve model
generalization. The proposed approach is evaluated against several baseline
machine learning models using accuracy, precision, recall, and F1-score.
Experimental results show that the proposed framework achieves better
performance than conventional models, with a maximum accuracy of 94.30%.
In addition, the developed platform provides visual risk interpretation and
decision-support insights that may assist healthcare practitioners in evaluating

cardiovascular risk more effectively.

1. Introduction

Cardiovascular disease (CVD) ranks among the foremost causes of mortality globally [1]. Digital healthcare
systems have become useful tools for tracking and diagnosing health issues because of the advancement of digital
technology and easier access to health data [2]-[4]. The adoption of machine learning (ML) methods in digital health
systems provides significant potential for improving disease prediction accuracy and strengthening clinical decision-
making processes [5]. Compared to conventional approaches, ML algorithms can analyze intricate and detailed medical
data and provide more accurate predictive models [6]. Through the utilization of big data and contemporary
computational capabilities, ML can reveal complex patterns and interdependencies that are not readily detected by
conventional analysis methods.

However, despite the enormous potential of ML in health prediction, its application in clinical practice still faces
several challenges. One of these is the requirement for a platform that can combine several machine learning algorithms
and provide an easy-to-use user interface for medical professionals and patients [7]. Such a platform must be able to
process medical data from multiple sources, perform predictive analysis, and present results in a way that is simple to
understand and actionable. Human oversight of Al-based decisions is essential to ensure reliability, security, and
confidentiality in clinical diagnosis. Furthermore, efficient signal processing and Al-based automated classification can
improve cost efficiency by reducing reliance on manual analysis, which can significantly reduce the time and resources
needed for tasks such as hospital triage processes and remote patient health monitoring [8]. These technologies support
various healthcare activities, including hospital triage, remote patient monitoring, physician supervision, and self-
monitoring through mobile devices [9].

Numerous research have demonstrated the predictive capacity of ML algorithms in CVD risk assessment. The
predictive performance for CVD was examined using three classification models, including k-nearest neighbors (KNN),
naive Bayes (NB), and support vector machines (SVM). Based on the experimental results, the SVM method has the
highest accuracy value, whereas the NB approach has the lowest [10]. Another study applied the decision tree (DT)
algorithm to a large CVD dataset, achieving an accuracy of 73% [11]. Despite these results, these approaches still have
limitations in terms of interpretability and practical implementation in real-world healthcare systems. In addition, the
adoption of advanced ML techniques, including AdaBoost and KNN, resulted in measurable gains in sensitivity (3—4%),
specificity (4-5%), and accuracy (3—-4%) over previous methods [12].
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Despite these advancements, previous studies primarily focus on improving predictive accuracy and often
overlook the interpretability of the models, which is essential in clinical decision-making. In addition, most existing
approaches evaluate ML models independently without integrating them into a practical platform that can be directly
used by healthcare professionals or patients. Furthermore, limited research has explored the use of fuzzy-based data
transformation to enhance the clinical meaning of numerical medical attributes, which could improve the interpretability
of machine learning models in clinical settings. Therefore, there remains a research gap in developing an integrated,
interpretable, and application-oriented ML framework for CVD risk prediction. In particular, there is still a lack of studies
that combine predictive accuracy, interpretability, and system implementation within a single unified framework.

To address these gaps, this study aims to develop an integrated CVD risk prediction platform by combining
multiple ML methods and evaluating their performance. The platform utilizes a publicly available Kaggle dataset
containing clinical attributes related to cardiovascular risk assessment and is designed to support practical clinical
decision-making.

This study applies several preprocessing techniques, including feature normalization and feature selection, and
utilizes a gradient boosting (GB) model to improve prediction performance. In addition, fuzzy logic transformation is
applied to selected attributes, such as blood pressure, to convert numerical values into meaningful clinical categories.
This transformation enhances the interpretability and clinical relevance of the prediction outcomes. Similar fuzzy-based
transformation techniques have been adopted in previous studies and have demonstrated competitive predictive
performance and improved decision-support capabilities [13], [14].

Unlike previous studies, this study contributes by integrating multiple ML algorithms within a unified platform,
incorporating fuzzy logic transformation to enhance interpretability, and systematically evaluating model performance
using original, fuzzy-transformed, and hybrid feature representations. Furthermore, the proposed framework
emphasizes practical implementation, making it suitable for real-world clinical decision-support systems.

2. Research Method
This research develops an ML-based platform for CVD risk prediction through several methodological steps,
which can be seen in Figure 1.

Dataset
(Kaggle Cardiovascular Disease Data)

!

Data Preprocessing
(Data Cleaning, Missing Value Handling,
Outlier Handling, Normalization)
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Feature Selection
(Recursive Feature Elimination / RFE)
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Figure 1. Proposed Methodology for CVD Risk Prediction
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Based on Figure 1, the stages carried out in this research can be described as follows:

2.1 Data Collection
The dataset used in this research was obtained from a Kaggle dataset entitled “Risk Factors for CVD”. The data
consists of 70,000 rows with 12 features. Information about the dataset used can be seen in Table 1 below.

Table 1. Dataset Description

Features Description Data type
age Patient age expressed in days Numerical
gender Biological sex of the patient (male or female) Categorical
height Patient body height measured in centimeters Numerical
weight Patient body weight measured in kilograms Numerical
ap_hi Systolic blood pressure measurement Numerical
ap_lo Diastolic blood pressure reading of the patient Numerical
cholesterol Patient cholesterol category Categorical
gluc Patient glucose level category Categorical
smoke Smoking behavior status Categorical
alco Alcohol consumption behavior Categorical
active Level of physical activity Categorical
cardio Indicator of cardiovascular disease presence or absence Binary

To assess the models, the data in Table 1 are used for testing and training ML models. A training set of 70% and
a testing set of 30% are randomly selected from the original dataset.

2.2 Data Preprocessing

To ensure the readiness of the data for analysis and ML model development, the preparation stage involves
cleaning the data, handling missing values, normalizing it, and transforming its features [15]. Filling in missing values in
the dataset with values deemed appropriate can be done using the mean method in Equation 1 [16].

:%Z (1)

where X denotes the mean of the dataset, x; represents the value of the i-th observation, and N indicates the total
number of data points.

Selecting data and eliminating outliers will be the next phase. The purpose of this is to gather relevant data that
aligns with the research’s goals. This process is increasingly important in the health sector, where the need for effective
decision-making is very high [17]. The technique used in this research is k-means clustering, as described in Equation
2 and Equation 3 [18].
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where d(x;, ;) denotes the distance between data point x; and centroid u;; M represents the dimensionality of the

feature space; u; corresponds to the feature vector of the j-th centroid; and x; denotes the feature vector of the i-th

observation. Furthermore, C; refers to the set of data points assigned to cluster j, and | C; | indicates the number of data

points within that cluster.

The procedure is repeated until a convergence criterion is satisfied, namely when the centroids exhibit negligible
changes or a predefined maximum number of iterations is reached. Upon completion of the k-means clustering process,
data points that do not conform to any cluster (outliers) can be identified and removed, ensuring that only data that are
relevant and aligned with the research objectives are retained for subsequent analysis. The final stage of this process
is normalization, where this step changes the feature scale to a certain range. This is done to ensure that all features
have an equal contribution to the model. This process is carried out using Z-score normalization in Equation 4 [19].
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v =2"F (4)

a

where u corresponds to the mean value and ¢ indicates the standard deviation of the data.

2.3 Feature Selection

This procedure is applied to identify and extract relevant features from the dataset through feature selection
techniques. Removing redundant and irrelevant data with feature selection is an efficient method of reducing
dimensionality [20]. This research applies recursive feature elimination (RFE) and evaluates its performance against
alternative feature selection methods. Through this approach, the most informative features for heart disease prediction
are identified and selected to improve the effectiveness and accuracy of the learning algorithm. In the feature selection
process, RFE is used to assess each feature’s contribution to the target variable in Equation 5 [21].

1 K
RFE(f) = argmin <— CVscore (S)) (5)
subset (S) of f K i=1

where:

RFE(f) is the RFE function that returns the best set of features.
f is the set of features being evaluated.

CVscore(S) is the cross-validation score.

K is the number of folds in cross-validation.

fi] is the feature removed at iteration i.

This formula illustrates how RFE improves model performance by gradually removing less important data while
retaining just the most valuable information related to the target variable.

2.4 Machine Learning Models

This research employs gradient boosting (GB), an ensemble learning technique widely used for classification
and regression tasks. This method works by combining a large number of simple predictive models called weak learners
or base learners, such as decision trees (DTs), into a more powerful predictive model [22]. In GB, the following is used
to update the prediction F(x) with a weak learner h(x) in Equation 6 [23].

Fn(x) = Fpo1 (%) + ayphm (%) (6)

where E,(x) represents the ensemble model’s prediction after the m-th iteration; F,,_,(x) represents the previous
ensemble prediction; «,, is the learning rate to control the contribution of each weak learner, and h,,(x) is a weak
learner (for example, a DT) selected at the m-th iteration, which tries to improve the residuals from the previous
prediction.

This equation reflects the GB iterative procedure, which adds each weak learner to the ensemble model’s total
predictions by taking into account residuals from prior predictions. Furthermore, multiple ML models are utilized in this
research, namely logistic regression (LR), k-nearest neighbors (KNN), support vector machines (SVM), AdaBoost, naive
Bayes (NB), and random forest (RF). In this study, baseline machine learning models are trained using the original
feature representation, while the proposed gradient boosting model is evaluated using original, fuzzy-transformed, and
hybrid feature representations. In order to achieve robust and accurate CVD prediction, this research seeks to identify
the optimal model based on comparative evaluation using accuracy, precision, recall, and F1-score metrics.

2.5 Model Evaluation Metrics

The performance of ML models is assessed using a range of evaluation metrics, namely accuracy, precision,
recall, and F1-score [24]. This evaluation method aids in assessing the relative performance of each model, allowing
the selection of the most appropriate model for applied data analysis purposes. The formulas for calculating accuracy,
precision, recall, and F1-score are presented in Equation 7, Equation 8, Equation 9, and Equation 10 [25].

TP+TN

_ 7

Accuracy = p TN ¥ FP+ FN "
TP

Precision TP FP (8)
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TP
- - 9
Recall TP LFN (9)

F1 =2 Precision x Recall (10)
score = ax Precision + Recall

where FN, TP, TN, and FPcorrespond to false negatives, true positives, true negatives, and false positives, respectively.

2.6 Fuzzy Logic Transformation

To make blood pressure measurements obtained from clinical measurement devices easier for healthcare
professionals to interpret, this research employs the fuzzy logic method. This research aims to provide a more
interpretable representation of measurement findings using fuzzy logic, allowing healthcare professionals to make better
decisions based on the available information [26]. In this research, fuzzy sets are defined with a membership function
that describes the extent to which an element is included in the set. For each variable that represents blood
measurements, a fuzzy set can be defined with a membership function, as shown in Table 2 below [27].

Table 2. Membership Functions for Blood Pressure Measurements

Membership function Systolic BP (mmHg) Diastolic BP (mmHg)
Low [90, 100, 110] [60, 70, 80]
Normal [100, 120, 130] [70, 80, 90]
High [120, 140, 160] [80, 90, 110]

In Table 2, systolic and diastolic blood pressure values were transformed into fuzzy linguistic variables using
triangular membership functions. Each fuzzy set is defined by three parameters representing the lower bound, peak,
and upper bound.

2.7 Platform Development

This CVD risk prediction platform was developed using several key features to support effective medical data
analysis and management. Integration of data from multiple medical sources ensures the platform has access to
comprehensive and up-to-date information. The intuitive user interface is specifically designed to meet the needs of
medical professionals and make interaction with patients easier. This platform also implements selected ML models to
perform CVD risk predictions based on available data and provides prediction results through clear reports and
informative data visualizations. Thus, this platform not only supports better diagnosis but also facilitates informed
decision-making in CVD risk management. The stages used to build the proposed platform can be seen in Figure 2
below:

Data Collection and Integration |:> Data Preprocessing

4

User Interface (UI/UX)
Development

Backend Development

J

Machine Learning Model
Integration

I

Implementation and Testing

Figure 2. Development of the Proposed CVD Platform

In Figure 2, the process of developing a CVD risk prediction platform involves several key stages. First, the
medical data obtained is collected and integrated to ensure comprehensive and up-to-date information is available.
Next, the data are processed, including cleaning, handling missing values, and data transformation using fuzzy logic for
more informative blood pressure categories. The user interface was then developed to be intuitive and user-friendly,
optimized for interactions between medical professionals and patients, and features were designed to clearly display
patient information and predict results. Meanwhile, the application backend is built to process data, integrate ML models,
and store user data. ML models that have been trained are evaluated using relevant performance metrics. The
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application is then implemented and tested using selected testing data to ensure that the proposed system operation is
responsive and reliable.
3. Results and Discussion

This section presents and analyzes the experimental results of the proposed CVD risk prediction platform using
advanced ML methods. The process includes feature selection, model evaluation, and system validation to ensure
reliable performance.

3.1 Feature Selection Results

Feature selection constitutes a critical stage in model development to ensure that ML models utilize the most
relevant and informative data. In this study, multiple feature selection techniques were employed to identify the most
influential variables for CVD risk prediction. The evaluated methods include principal component analysis (PCA),
analysis of variance (ANOVA), recursive feature elimination (RFE), and mutual information (MlI). The feature selection
results are presented in Table 3.

Table 3. Feature Selection Results Using Feature Selection Techniques

Methods Features
RFE ‘f_age’, f_height’, f_weight’, f_ap_hi’, f_ap_lo’, f_cholesterol’, f_gluc’, f_active’
PCA ‘f_age’, f_cholesterol’, ‘f_gluc’, ‘f_ap_hi’, f_active’, ‘f ap_lo’, ‘f_weight’, ‘f_alco’
ANOVA ‘f_age’, f_height’, f_weight’, f_ap_hi’, f_ap_lo’, f_cholesterol’, ‘f_gluc’, f_smoke’
M ‘f age’, f gender’, ‘f weight’, ‘f ap _hi’, f ap _lo’, f cholesterol’, f gluc’, ‘f active’

According to Table 3, each feature selection method identified a subset of eight features as the most significant
variables for CVD prediction. The selected features were then used in the training and testing process to optimize model
performance. This indicates that key clinical features, such as blood pressure, cholesterol, and age, consistently
contribute to CVD risk prediction.

3.2 Machine Learning Performance

The predictive capability of the proposed ML model was evaluated through performance analysis. Several
algorithms were implemented and compared to evaluate the proposed approach. The models were trained and
validated using the preprocessed dataset, which was partitioned into training and testing subsets. The outcomes of
feature selection and ML model performance are presented in Table 4.

Table 4. Performance of ML Algorithms in Predicting CVD Risk

ML Feature selection Performance Results
methods methods Accuracy Precision Recall F1-score
None 0.8790 0.8790 0.8790 0.8789
RFE 0.8794 0.8794 0.8794 0.8793
LR PCA 0.8789 0.8789 0.8789 0.8788
ANOVA 0.8798 0.8798 0.8798 0.8797
MI 0.8793 0.8793 0.8793 0.8792
None 0.8699 0.8699 0.8699 0.8697
RFE 0.8748 0.8749 0.8748 0.8747
KNN PCA 0.8799 0.8799 0.8799 0.8798
ANOVA 0.8755 0.8756 0.8755 0.8754
MI 0.8794 0.8794 0.8794 0.8793
None 0.8826 0.8827 0.8826 0.8824
RFE 0.8848 0.8849 0.8848 0.8846
SVM PCA 0.8849 0.8851 0.8849 0.8848
ANOVA 0.8850 0.8852 0.8850 0.8848
MI 0.8850 0.8852 0.8850 0.8848
None 0.8301 0.8307 0.8301 0.8302
RFE 0.8327 0.8333 0.8327 0.8328
NB PCA 0.8327 0.8333 0.8327 0.8329
ANOVA 0.8322 0.8328 0.8322 0.8324
MI 0.8338 0.8344 0.8338 0.8339
AdaBoost None 0.8939 0.8941 0.8939 0.8937
RFE 0.8937 0.8940 0.8937 0.8935
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ML Feature selection Performance Results
methods methods Accuracy Precision Recall F1-score
PCA 0.8930 0.8932 0.8930 0.8928
ANOVA 0.8937 0.8939 0.8937 0.8935
Ml 0.8932 0.8935 0.8932 0.8930
None 0.8897 0.8903 0.8897 0.8895
RFE 0.8862 0.8867 0.8862 0.8860
RF PCA 0.8770 0.8771 0.8770 0.8769
ANOVA 0.8872 0.8876 0.8872 0.8869
Ml 0.8801 0.8802 0.8801 0.8799
None 0.8947 0.8968 0.8947 0.8942
RFE 0.8965 0.8985 0.8965 0.8960
GB PCA 0.8951 0.8971 0.8951 0.8946
ANOVA 0.8959 0.8979 0.8959 0.8954
MI 0.8963 0.8983 0.8963 0.8958

The results in Table 4 show that various ML algorithms achieve competitive accuracy in predicting CVD risk.
Furthermore, the results demonstrate that the performance of these algorithms varies depending on the complexity and
effectiveness of the applied feature selection. Algorithms such as GB, AdaBoost, and RF are more prominent, with
accuracies reaching 89.47%, 89.39%, and 88.97%, respectively, when using all features or without feature selection.
On the other hand, performance can improve for certain classifiers when feature selection techniques such as M,
ANOVA, PCA, and RFE are applied, although the effect varies across models.

The superior performance of ensemble-based models, such as GB and AdaBoost, can be attributed to their ability
to capture complex non-linear relationships and reduce prediction errors through iterative learning. In contrast, simpler
models such as NB show lower performance due to their assumptions of feature independence, which may not hold in
medical datasets.

Based on the results, gradient boosting (GB) consistently demonstrates the highest performance across
evaluation metrics, particularly when combined with RFE feature selection. Similarly, AdaBoost also shows strong
performance without requiring additional feature selection. These findings suggest that ensemble-based methods are
highly effective for CVD prediction tasks, particularly when handling complex and high-dimensional medical data.

The selection of the best method depends on factors such as interpretability, computational efficiency, and
prediction reliability. GB and AdaBoost demonstrate superior performance in terms of prediction accuracy. Therefore,
the selection of the most suitable method should consider the specific requirements of the developed platform.

Among the evaluated models, GB combined with RFE feature selection provides the best performance, indicating
that selecting relevant features significantly improves model accuracy and generalization. This combination is therefore
considered the most suitable for implementation in the proposed CVD prediction platform.

3.3 Platform Testing Results

On the developed platform, accuracy, interpretability, and the ability of the model to handle data complexity are
critical. The combination of GB for ML models and RFE for feature selection is an option that can provide optimal and
interpretable prediction results. This enables the system to generate accurate and interpretable predictions and aligns
well with the objectives of the developed CVD prediction platform.

These results indicate that the developed platform is reliable and capable of supporting clinical decision-making
through accurate and interpretable predictions. This process comprises unit testing, integration testing, and system
testing, and is conducted to ensure that all developed components function correctly and produce the expected
outcomes.

3.3.1 Platform Functionality Testing Results

Unit testing is performed for each component of the platform, including data input modules, data processing
modules, ML modules, and result display modules. The components and test results of this process are presented in
Table 5 below.

Cite: Amir Saleh and F. Azmi, “A Gradient Boosting—Based Platform with Fuzzy Linguistic Representation for Cardiovascular Disease Risk
Prediction”, KINETIK, vol. 11, no. 3, Aug. 2026. https://doi.org/10.22219/kinetik.v11i3.2699


https://doi.org/10.22219/kinetik.v11i3.2699

578 Kinetik: Game Technology, Information System, Computer Network, Computing, Electronics, and Control
Table 5. Unit Test Results of the Developed Platform

Components Features Test results
Data Input Module Data input format validation Data is received and validated
correctly
Data Processing Data normalization and Data is processed according to
Module standardization standards
Machine Learning Risk prediction using a pre-trained Predictions are accurate according
Module model to test data
Res“ljlg(ijlseplay Displays prediction results to the Ul Results are displayed correctly

Integration testing is performed to ensure that each component works harmoniously when combined. The results
of integration testing on the developed platform can be seen in Table 6 below.

Table 6. Integration Testing Results of the Developed Platform

Components Description Test results
Data Input Module - Data The entered data is sent for The data is processed and
Processing processing forwarded correctly
Data Processing - Machine = The processed data is sent to the ~ The model receives the data
Learning machine learning module and generates predictions
Machine Learning - Display =~ Results from the model are sent Prediction results are
of Prediction to the Ul displayed correctly

System testing is carried out to ensure that the entire platform functions as expected in real usage scenarios.
Table 7 below displays the results of system testing on the developed platform.

Table 7. System Test Results of the Developed Platform
Test scenario Description Test results
User enters data, data is
processed, predictions are made,
results are displayed

Input Flow to
Results Display

All steps run smoothly and results
are displayed correctly

Invalid Data Enter invalid data to test input Errors are handled correctly and an
Handling validation error message is displayed
Ensures the Ul is responsive and The Ul is responsive and functions

Ul Responsiveness . ; . ; .
can be used with various devices well on various devices

The platform functionality testing results show that all components, their integration, and the entire system
function well. All tests produced satisfactory results without any significant problems. This indicates that the platform
demonstrates reliable functionality for experimental and clinical support scenarios. These testing results indicate that
the platform can provide accurate and reliable predictions for CVD risk assessment. This confirms that the system
architecture is robust and capable of handling end-to-end data processing and prediction tasks without functional errors.

3.3.2 Testing Results with Machine Learning
The use of the CVD prediction platform begins with the selection of a user-oriented menu tailored to the needs
of end users, such as patients. This menu provides options to initiate CVD risk prediction based on the input health

data, view the history of prior predictions, and configure user preferences or platform settings. The menu interface is
illustrated in Figure 3.
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User Profile Heart Check
Continuous monitoring of patient health data Continuous monitoring of patient health data
L , | Al
Prediction Result Data Analysis
Continuous monitoring of patient health data Continuous monitoring of patient health data

Figure 3. Menu Display for CVD Prediction

After a menu option is selected, users input relevant health information, including demographic characteristics,
medical history, and diagnostic test results. The entered data are then submitted to the system for subsequent
processing. At this stage, preprocessing techniques are applied to prepare the data for input into the machine learning
model. The corresponding interface is shown in Figure 4 below.

Data Detail [ back |
No Check Result Result

1 Patient Name ID_Patient_00209
2 Date 2024-06-26

3 Age 42

4 Height 165.00 cm

5 Weight 60.00 Kg

6 Cholesterol Category 1

7 Glucose Category 1

8 Physical Activity Level Not Active

9 Systolic Blood Pressure 120

10 Diastolic Blood Pressure 80

Figure 4. Display of Patient Data for CVD Prediction

Following data processing, an evaluation stage is conducted to assess the model's performance, including
predictive accuracy and interpretability. The generated prediction outcomes are examined to ensure their reliability and
clinical relevance. Finally, the prediction results are presented to end users in a clear and comprehensible format,
thereby supporting informed medical decision-making. The prediction results are illustrated in Figure 5 below.

Medical History [ sact |

Prediction: Absence of Cardiovascular Disease

Recorded At: 06/06/2024

Figure 5. Display of Prediction Results for CVD

This platform also provides fuzzy transformations to simplify understanding prediction results. Fuzzy logic is
applied to transform numerical values into intuitive categories (e.g., low, normal, high), improving user understanding
and clinical interpretability. For example, blood pressure results can be classified into categories such as “low,” “normal,”
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or “high.” This approach enhances user understanding and bridges the gap between numerical prediction outputs and
clinical interpretation. Figure 6 below displays the results of the blood pressure feature transformation.

Health Data Graph

Category Result
Systolic Blood Pressure Category MNorrmal
Diastolic Blood Pressure Category Mormal

iastolic Blood F

Figure 6. Fuzzy Transformation Display on Blood Pressure Measurements

Once the data entry and storage processes were confirmed to operate correctly, the next step involved validation
using 1,000 randomly selected samples from the testing dataset. The validation results indicate that the proposed
approach produces reliable predictions. The performance results presented in Table 4 correspond to baseline
experiments conducted using original feature representations and conventional feature selection techniques. In
contrast, Table 8 presents the final validation results of the proposed framework after incorporating fuzzy transformation
into the gradient boosting model.

Table 8. Validation Results for CVD Prediction

Methods Accuracy
GB without fuzzy transformation 0.9280
GB with fuzzy transformation 0.9430

Table 8 shows the results of two prediction methods using GB. The first method, which uses GB without fuzzy
transformation, achieves an accuracy of 92.80%. In this method, the original feature representation is directly used to
train the prediction model. Although this accuracy is quite high, there is room for improvement. The second method,
which uses GB with fuzzy transformation, achieves an accuracy of 94.30%. Fuzzy transformation helps deal with
uncertainty and variability in medical data, which contributes to improving the performance of prediction models. These
findings indicate that fuzzy transformation can improve CVD prediction accuracy by reducing errors and increasing
model generalization to new data.

In general, the incorporation of fuzzy transformations into CVD prediction systems has demonstrated
effectiveness in improving both predictive accuracy and model robustness. This indicates that the proposed approach
is a dependable choice for this application, offering the highest accuracy and potentially providing the most reliable CVD
risk predictions. Compared to previous studies that reported accuracy in the range of 73%—-89%, the proposed approach
achieves higher accuracy, demonstrating the effectiveness of combining GB with fuzzy transformation in improving
prediction performance. This improvement highlights the effectiveness of fuzzy transformation in enhancing model
performance.

Despite the promising results, this study has several limitations. The model performance is highly dependent on
the quality and characteristics of the dataset used. In addition, the incorporation of fuzzy transformation increases
computational complexity, which may affect system efficiency in large-scale implementations. Furthermore, the study
is limited to a single dataset, and additional validation using diverse datasets is required to ensure generalizability.

© 2026 The Authors. Published by Universitas Muhammadiyah Malang
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4. Conclusion

The designed CVD prediction platform demonstrates a systematic and structured workflow, starting from user
input to prediction result evaluation. The platform enables end users to input relevant health data and obtain accurate
CVD risk estimates. The integration of feature selection techniques and fuzzy logic transformation has proven effective.
This approach simplifies the interpretation of results and supports clinical decision-making.

The experimental results indicate that the proposed approach achieves improved performance. The GB model
with fuzzy transformation attains an accuracy of 94.30%, compared to 92.80% without fuzzy transformation. This
demonstrates that fuzzy transformation effectively addresses data uncertainty and variability, enhances model
generalization, and improves prediction accuracy.

Overall, this study successfully achieves its objective by developing an integrated, interpretable, and practical
CVD prediction system that combines multiple machine learning models with fuzzy logic transformation. Compared with
previous studies reporting accuracy values ranging from 73% to 89%, the proposed framework demonstrated promising
performance improvements together with enhanced interpretability.

However, this study has several limitations, including dependency on a single dataset and increased
computational complexity due to fuzzy transformation. Future research should focus on evaluating the proposed
approach using diverse datasets and improving computational efficiency for large-scale implementation.
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