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Abstract

Cardiovascular disease (CVD) remains one of the leading causes of mortality in Indonesia, highlighting the urgent
need for effective preventive strategies, including the development of risk prediction systems based on population
health data. A major challenge in developing CVD prediction models is the limited availability of local medical data
that adequately represent the Indonesian population. This study aims to develop a CVD risk prediction model using
the Random Forest algorithm by integrating two data sources: private clinical data from cardiology outpatients at
RSUD M. Yunus Bengkulu and a publicly available dataset. Data integration was conducted to address the limited
size of private data and to improve model performance. The research was conducted through three experimental
settings. Shapley Additive Explanations (SHAP) were employed to analyze the contribution of each feature, while
Recursive Feature Elimination with Cross-Validation (RFECV) was applied for feature selection. The results indicate
that Scenario 3 in the Experiment on Data Integration achieved the best performance, with an accuracy of 73.57%,
recall of 81.44%, and F1-score of 77.06%. SHAP analysis identified blood pressure and age as the most influential
predictors of CVD risk. These findings demonstrate that integrating limited private data with public datasets can
significantly improve model performance while providing clinically interpretable insights, particularly in settings
with constrained local data availability.
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1. INTRODUCTION

Cardiovascular disease (CVD) is one of the leading causes of death worldwide, including in
Indonesia, with major risk factors such as unhealthy lifestyles and physiological conditions like
hypertension and diabetes [1], [2], [3], [4]. The World Health Organization reports approximately 17.9
million deaths each year due to CVD, of which 85% are caused by heart attacks and stroke [5]. In
Indonesia, 877,531 heart disease cases have been recorded based on physician diagnosis, including
6,571 cases in Bengkulu Province [6]. This condition highlights the importance of early CVD detection
as a preventive effort to reduce mortality rates [7].

Various studies have developed CVD prediction models based on machine learning (ML) [3], [8],
[9],[10], [11], [12]. In the healthcare domain, machine learning (ML) is widely applied for classification
and prediction tasks to analyze medical data, identify patterns, and generate accurate predictions of
various health conditions [7], [11], [13], [14], [15], [16]. One of the most frequently used ML algorithms
is Random Forest [17], [18], [19], [20]. The Random Forest (RF) algorithm has notable advantages in
handling complex and heterogeneous data. It operates by randomly sampling the data and aggregating
the results from multiple decision trees, forming an ensemble model. Through this mechanism, RF is
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able to produce more accurate predictions while reducing the risk of overfitting compared to many other
machine learning methods [10], [21], [22].

However, the development of CVD prediction models in Indonesia is still constrained by the
limited availability of local clinical data, as most studies rely on foreign public datasets and rarely utilize
data from the Indonesian population [1], [2], [3], [10], [21], [22], [23], [24]. In addition, research that
integrates public datasets with private datasets while applying Recursive Feature Elimination Cross-
Validation (RFECV) for feature selection [25], [26], [27] and providing model interpretability through
Shapley Additive Explanations (SHAP) [28], [29], [30] under limited data conditions remains very
limited. This situation may produce prediction models that are less representative of Indonesian
population characteristics and that have suboptimal generalization and clinical interpretability.

Based on these limitations, this study aims to develop a CVD risk prediction model through
multisource data integration by combining local Indonesian clinical data (private data) obtained from
RSUD M. Yunus, Bengkulu City, with a dataset downloaded from Kaggle (public data). The model is
developed using the RF algorithm with RFECYV based feature selection and SHAP based interpretability
analysis to improve predictive performance and enhance the clarity of model interpretation under limited
data conditions.The proposed approach is evaluated through three experimental scenarios: analyzing the
effect of reducing the number of features, comparing model performance between public and private
data, and evaluating model performance on the integrated public and private dataset. This approach is
expected to produce a more accurate CVD risk prediction model while also providing explanations that
are easier to understand in a clinical context.

This study offers several key contributions. First, it proposes a multisource data integration
strategy by combining limited local clinical data with a publicly available dataset to address data scarcity
and improve model robustness. Second, it applies a RF model with feature selection based on RFECV
within the context of integrated data to identify the most relevant predictors. Third, it incorporates SHAP
based interpretability analysis to enhance transparency and increase trust in the model’s predictions.
Overall, this study provides a practical framework for developing an accurate and clinically interpretable
CVD risk prediction model, particularly in settings with limited local data availabilit.

2. METHOD

Study Literature
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Figure 1. CRISP-DM Research Workflow

This study employs a predictive quantitative approach that focuses on improving the quality and
performance of a CVD prediction model derived from a limited local dataset (private data) by
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incorporating a dataset from another source (public data). The research follows the CRISP-DM
methodology as a systematic research framework for developing the CVD model. A visualization of the
research workflow is presented in Figure 1.

2.1. Study Literature

This stage aims to review previous studies relevant to the development of CVD risk prediction
models. Research on CVD risk prediction has been widely conducted using various machine learning
(ML) algorithm approaches, and among all ML algorithms, Random Forest (RF) has proven to be the
most stable and accurate for heart disease classification [7], [10], [18], [21], [22], [31]. However, most
of these studies rely on foreign public datasets, while studies using local Indonesian CVD datasets
remain very limited. This situation poses a challenge in developing prediction models that accurately
represent the health conditions and characteristics of the Indonesian population. Therefore, the objective
of this study is to integrate a local dataset with a dataset from another source to address the limited size
of private data and to improve the performance of the CVD prediction model.

2.2. Business Understanding

The business understanding stage in this study begins by formulating the main objective of the
research, which is to improve the quality and performance of a CVD prediction model derived from a
limited private dataset by incorporating a dataset from another source and by analyzing the effect of
differences in the number of features between the private dataset and the dataset from the other source.

2.3. Data Understanding

In the data understanding stage, an initial exploration was conducted on both the private and
public datasets to identify the data used to train the model. The public dataset consists of CVD medical
records containing 70,000 entries with 12 attributes [32]. Meanwhile, the private dataset is a local dataset
collected directly from the cardiology outpatient medical records at RSUD M. Yunus, Bengkulu City,
comprising 250 records with attributes aligned to the public dataset. However, one challenge in
collecting the private data is that the available attributes at RSUD M. Yunus, Bengkulu City are
incomplete, with only 10 of the 12 required attributes provided.

Table 1. Dataset Description

Attribute Variable Unit
Age Age Day
Height Height Cm
Weight Weight Kg
Gender Gender 0: Female, 1: Male
Systolic blood pressure Ap_hi mmHg
Diastolic blood pressure Ap lo mmHg
Cholesterol Cholesterol 1: normal, 2: above normal, 3: well above normal
Glucose Glu 1: normal, 2: above normal, 3: well above normal
Smoking Smoke 0: No, 1: Yes
Alcohol intake Alco 0: No, 1: Yes
Physical activity Active 0: No, 1: Yes
Cardiovascular disease Cardio 0: No, 1: Yes
Body Mass Index bmi kg/m?
Pulse Pulse Beat per minute
Ratio ap_hi ap lo ratio Rasio
Blood Pressure Category bp_category 0: No Hypertension, 1: Hypertension
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This study also applies feature engineering by adding four new attributes related to the original
data to enrich data variation and improve model evaluation performance [7], [13], [33]. The added
attributes include BMI, Pulse (pulse pressure), Ratio (blood pressure ratio), and Blood Pressure
Category (hypertensive/non-hypertensive), resulting in a total of 16 attributes, including the label, used
in this study. A complete visualization of the dataset is presented in Table 1.

2.4. Data Preparation

The data preparation stage is the process conducted before model training begins. At this stage,
the data are prepared to ensure they are clean, relevant, and ready to be processed optimally during
modeling. Data preparation starts with removing rows that contain identical values across all columns
(duplicate data) to prevent bias in the model. Next, rows containing missing or null values are removed
so that the learning process is not affected by incomplete data. Data cleaning also includes eliminating
anomalous values that are medically implausible. This step ensures that the data used are realistic and
reflect clinical conditions.

The next stage involves data transformation and rounding, which includes converting categorical
variables into numerical form and simplifying values to reduce the risk of overfitting. Feature
engineering is then performed by adding four derived attributes BMI, pulse pressure, systolic diastolic
ratio, and blood pressure category to enrich the research dataset. The final step is splitting the data into
80% training data and 20% testing data across all experimental scenarios. The number of records before
and after preprocessing in this study is presented in Table 2.

Table 2. Complete Research Data

Data Data Source Before . After .
Preprocessing Preprocessing
Public Data Website Kaggle 70.000 Data 60.125 Data
Private Data RSUD M.Yunus Kota Bengkulu 250 Data 159 Data

2.5. Modelling

The algorithm used in this study is Random Forest because it has strong capability in handling
complex and diverse data, such as medical data that involve many attributes, including lifestyle and
physiological factors. The modeling process in this research is conducted through several experiments
to test and compare the performance of the prediction model under ideal data conditions (complete data)
and local data conditions with limited attributes. In implementation, this research utilized Google Colab
as the development environment, employing NumPy version 1.26.4 and Scikit-Learn version 1.5.1,
executed on a Core 17 laptop processor.

2.5.1. Hyperparameter Tuning

In the hyperparameter tuning process, the Random Search (RS) method is used to obtain the
optimal combination of Random Forest parameters, with a batch size setting of 42 and a total of 10
search iterations. The selection of 10 iterations in the Random Search procedure was intended to provide
sufficient hyperparameter exploration while avoiding excessive computational complexity, particularly
given the limited size of the private dataset. A batch size of 42 was defined to maintain training stability
and ensure a balanced learning proportion during each stage of the hyperparameter tuning process. In
practice, RS evaluates various predefined hyperparameter values, including n_estimators, max_depth,
min_samples_split, min_samples leaf, max_features, bootstrap, criterion, and class_weight. After the
search process is completed, RS produces the best parameter combination for the model based on the
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training data. This optimal hyperparameter configuration is then applied in the modeling stage to build
an optimized RF model.

2.5.2. Research Experiments

The main problem in this study is the limited amount of data and the incomplete attributes in the
private dataset obtained from RSUD M. Yunus, Bengkulu City. Therefore, this research aims to improve
the quality and performance of the CVD prediction model under limited data availability by
incorporating data from another source (public dataset) and by analyzing the effect of differences in the
number of attributes between the local dataset and the external dataset. To address this problem, three
research experiments were conducted.

a. Experiment on Attribute Reduction

The objective of Experiment on Attribute Reductionis to examine the impact of reducing the
number of attributes in the external dataset. There are two scenarios in Experiment on Attribute
Reduction. Scenario 1 represents a model trained using 15 attributes, while Scenario 2 represents a
model trained using 13 attributes. The selection of 13 attributes in Scenario 2 is intended to match the
number of attributes available in the local dataset so that the model comparison reflects the actual
condition of the private data. The two attributes removed in this Experiment on Attribute Reductionre
alcohol consumption and physical activity. The testing workflow in Experiment on Attribute
Reductionbegins by dividing the public dataset into two parts: training data (80%) and testing data
(20%). The data distribution for Experiment on Attribute Reductionis presented in Table 3.

Table 3. Data Split for Experiment on Attribute Reduction

Experiment Training Data Testing Data
Scenario 1 48.100 Data 12.025 Data

(-) 24.141 (+)23.959 (-) 6.035 (+)5.990
Scenario 2 48.100 Data 12.025 Data

(-) 24.141 (+)23.959 (-) 6.035 (+)5.990

The testing process begins with training the model on the training data using the Random Forest
(RF) algorithm, after which the model is evaluated on the testing data for each scenario. The test results
are assessed using evaluation metrics to identify the effect of differences in the number of attributes on
model performance. Through the testing workflow in Experiment on Attribute Reduction, a clear
understanding of the impact of attribute reduction on the performance of the CVD prediction model is
expected to be obtained. Visualisasi Experiment on Attribute Reduction dapat dilihat pada Figure 2.

Traming Data Training Model > Testing

h 4

Evaluation Resulis
Metrics

Figure 2. Experiment on Attribute Reduction

b. Experiment Comparing Model Performance with Public and Private Data
The objective of Experiment Comparing Model Performance with Public and Private Data is to
compare the performance of prediction models trained using the local dataset and the dataset from
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another source, followed by testing with evaluation data derived from the local dataset. There are two
scenarios in Experiment Comparing Model Performance with Public and Private Data: Scenario 1 uses
the external dataset with 13 attributes, while Scenario 2 uses the local dataset. The testing workflow in
Experiment Comparing Model Performance with Public and Private Data begins by dividing the dataset
into two parts, namely training data and testing data. The data distribution for Experiment Comparing
Model Performance with Public and Private Data is presented in Table 4.

Table 4. Data Split for Experiment Comparing Model Performance with Public and Private Data

Experiment Training Data Testing Data
Scenario 1 127 Data
(-) 64 (+) 63 32 Data (Private Data)
Scenario 2 127 Data (-) 14 (+) 18
()64 (-) 64

This testing process begins by dividing the dataset into five folds, where each fold alternately
serves as the testing data (T1-T5) [34]. In Scenario 1, the model is trained using a dataset from another
source with 13 attributes and tested on the five folds of private data. In Scenario 2, the model is trained
using four folds of the local dataset and tested alternately on the remaining fold of the local dataset that
has not been used during training. Each test produces model performance values for predicting CVD.
The results from the five tests are then averaged to represent the overall model performance, allowing
an objective comparison between models based on the local dataset and those based on a dataset from
another source, while reflecting real-world conditions. Visualisasi Experiment Comparing Model
Performance with Public and Private Data dapat dilihat pada Figure 3.

Data Testing (Tn)

T1
Training Data > Training Maodel > Testing (Tn) T2
l T3
T4
Average P 5 Evaluation
Metrics Result - Metrics Results T5

Figure 3. Experiment Comparing Model Performance with Public and Private Data

c. Experiment on Data Integration

The objective of the Experiment on Data Integration was to evaluate the impact of combining
limited private data with external public datasets on the quality and performance of the CVD prediction
model. In this experiment, the training set was constructed by merging public and private data, while
the testing set consisted exclusively of private data. The private dataset was initially divided into 80%
training data (127 data) and 20% testing data (32 data). The integration process began by combining
100% of the private training data (127 data) with varying proportions of public data. This study
implemented five integration scenarios, from Scenario 1 to Scenario 5, in which the proportion of public
data was gradually increased from 50% to 400% the private training data. This design allowed for a
systematic evaluation of how different levels of data augmentation influence model performance. The
data configuration for Experiment on Data Integration is presented in Table 5.

696


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF)

P-ISSN: 2723-3863
E-ISSN: 2723-3871

Vol. 7, No. 1, February 2026, Page. 691-705
https://jutif.if unsoed.ac.id
DOI: https://doi.org/10.52436/1.jutif.2026.7.1.5744

Table 5. Data Split for Experiment on Data Integration

Integrated Data .. .
Public + Private Training Data Testing Data
Scenario 1 (64 ‘Public’ + 127 ‘Private’)
50% + 100% Total = 191
()96 (+)95
Scenario2 (127 ‘Public’ + 127 ‘Private’)
100% + 100% (Total =254)
(-) 127 (+) 127
Scenario 3 (254 ‘Public’ + 127 ‘Private’) 32 Data

200% + 100%

Scenario 4
300% + 100%

Scenario 5
400% + 100%

(Total = 381)
(-) 191 (+) 190
(381 ‘Public’ + 127 ‘Private’)
(Total = 508)
(-) 254 (+)254
(508 ‘Public’ + 127 ‘Private”)
(Total = 635)
(-) 318 (+)317

(Private Data)

In the Experiment on Data Integration, the evaluation process began with the application RFECV on the
private dataset to identify the most relevant attributes for prediction. After selecting the optimal features,
the private data were processed using a 5-fold cross-validation scheme and then split with a 4:1 ratio
(80% training and 20% testing). The private training data were subsequently combined with the public
dataset to construct the final training set used for model development. Hyperparameter tuning was then
performed using Random Search. The final model generated from the integrated dataset was evaluated
using the 20% private test data that had been separated at the beginning of the study to ensure an
objective assessment. Model performance was measured using four evaluation metrics accuracy,

precision, recall, and F1-score providing a comprehensive yet clear evaluation framework relevant to
CVD risk prediction. Visualisasi Experiment on Data Integration dapat dilihat pada Figure 4.

Tes 1= |

Tes 2= |

Tes 3= |

Tes 4= |

Tes 5= |

Explanation = | Public Data | Private Data Testing Data Pembagian Data Private
(Pm)
()% | + | F'2,F'3,F'4,F'5|
Evaluation El
Evaluation El
X% | + | F'I,F'3,F'4,F'5|
Evaluation
B e
Evaluation
x)% | - | P1,P2,P4,P5 |
F3 E‘ﬁgﬁy:n c - e
Evaluation Result
%)% | - | P1,P2,P3,P5 |
Evaluation
Evaluation
(%)% | -+ | P1,P2,P3.P4 |
Evaluation
Evaluation

Figure 4. Experiment on Data Integration
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2.6. Evaluation

The evaluation stage in this study uses four main metrics accuracy, precision, recall, and F1-score
to assess the model’s ability to correctly identify positive and negative classes, with the evaluation
results visualized as comparison graphs for each scenario.

The accuracy metric measures how often the model correctly predicts both positive and negative
CVD labels [35].
TP+TN
TP+TN+FP+FN ey
The precision metric measures how often the model correctly predicts positive CVD cases

according to the true labels [35].

Precision =

Accuracy =

TP
TP+FP (2)
The recall metric measures how effectively the model detects all positive disease cases among

the total actual positive cases [35].

TP
TP+FN 3)
The F1-score represents the harmonic mean of precision and recall, providing a better indication

of the balance between these two metrics.

Recall =

Precision X Recall
F1 —Scores=2x ——

“4)

Precision+ Recall

In the final stage, the SHAP method is applied as a validation approach to explain the contribution
of each attribute to the prediction results. SHAP values indicate how each attribute increases or decreases
the prediction and help identify the most influential attributes in the model’s decision making process,
thereby ensuring that the predictions are logical, transparent, and aligned with relevant risk factors.

3.  RESULT

3.1. Business Understanding

During the Business Understanding stage, an evaluation is conducted to assess the extent to which
the research results address the objectives formulated in the research methodology. The results of all
experiments indicate that integrating the local dataset with a dataset from another source improves model
performance compared with using only a single data source. In addition, reducing the number of
attributes does not always decrease model performance as long as the attributes with high contribution
are retained. These findings suggest that a CVD prediction model can be developed more efficiently
even with fewer attributes, making it more suitable for implementation in healthcare facilities with
limited data recording capabilities.

3.2. Data Understanding

70000

Before Processing After Preprocessing Before Processing After Preprocessing

a) Public Data b) Public Data

Figure 5. Number of Research Data Records
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During the Data Understanding stage, an analysis is conducted on the datasets used in this study,
including the private dataset and the public dataset. A visualization of the number of records before and
after the preprocessing stage is presented in Figure 5.

3.3. Data Preparation

During the data preparation stage, data cleaning is performed to ensure that the dataset is ready
for use in the modeling process, allowing the model to learn from the data optimally. Examples of
preprocessed data ready for use in the modeling process are shown in Table 6, 7, 8, and 9 below.

Table 6. Sample of Public Data (15 Attribute)

ap_ hi_ bp_
age gender height weight ap hi ap _lo choles gluc smoke alco active bmi pulse ap lo category
ratio

50 1 168 62 110 80 1 1 0 0 1 21 30 1.375000 O
55 0 156 85 140 90 3 1 0 0 1 34 50 1.555556 1
51 0 165 64 130 70 3 1 0 0 0 23 60 1.857143 0
48 1 169 82 150 10 1 1 0 0 1 28 50 1.500000 1

0
47 0 156 56 100 60 1 1 0 0 0 23 40 1.666667 0

Table 7. Sample of Public Data (13 Attribute)

ap hi_ bp

age gender height weight ap hi ap lo choles gluc smoke bmi pulse ap lo_ratio categz)ry

50 1 168 62 110 80 1 1 0 21 30 1.375000 0
55 0 156 8 140 90 3 1 0 34 50 1.555556 1
51 0 165 64 130 70 3 1 0 23 60 1.857143 0
48 1 169 82 150 100 1 1 0 28 50  1.500000 1
47 0 156 56 100 60 1 1 0 23 40 1.666667 0
Table 8. Sample of Private Data
ap_hi_ bp

age gender height weight ap hi ap lo choles gluc smoke bmi pulse ap lo ratio  category

44 20 160 52 140 85 2 1 0 20 55 1.647059 1
65 20 168 59 155 90 2 2 1 20 65 1.722222 1
69 21 170 62 161 95 1 2 0 21 66 1.694737 1
69 22 169 65 150 95 1 3 0 22 55 1.578947 1
54 21 169 60 150 85 1 1 1 21 65 1.764706 1
Table 9. Sample of Integrated Data for Experiment on Data Integration
ap_hi_ bp

height weigh hi lo choles gl k i pul
age gender height weight ap hi ap lo choles gluc smoke bmi pulse ap lo ratio  category

50 1 168 62 110 80 1 1 0 21 30 1.375000 0
55 0 156 8 140 90 3 1 0 34 50 1.555556 1
51 0 165 64 130 70 3 1 0 23 60 1.857143 0
48 1 169 82 150 100 1 1 0 28 50 1.500000 1
47 0 156 56 100 60 1 1 0 23 40 1.666667 0
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3.4. Modelling and Evaluation

The modeling stage is conducted using the Random Forest algorithm with hyperparameter
optimization through Random Search (RS), feature selection using Recursive Feature Elimination Cross
Validation (RFECV) to identify the most relevant attributes, and model interpretation using SHAP to
explain the contribution of each attribute in the prediction process.

The research results are obtained from the implementation of three experiments evaluated using
four main metrics: accuracy, precision, recall, and F1-score. This analysis aims to examine the effects
of attribute reduction and the integration of the local dataset with a dataset from another source. Overall
results from the three research experiments are presented in Table 10.

Table 10. Results of the Research Experiments

F1-

No Experiment Data  Testing Data Accuracy Precision Recall Score

1. Experiment on Attribute Scenario 1 Public 72.09 73.63  68.51 70.98

Reduction Scenario 2 Public 71.88 73.81  67.48 70.50

2. Experiment Comparing Scenario 1 Private 48.41 53.85  39.02  45.00

Model Performance with Scenario 2 Private 70.40 74.24  69.80 71.70
Public and Private Data

3. Experiment on Data Scenario 1 Private 71.67 74.04 7451 73.85

Integration Scenario 2 Private 71.65 7222 79.15 75.26

Scenario3  Private 73.57 73.66 81.44  77.06

Scenario 4 Private 72.30 72.79  79.15 75.73

Scenario 5 Private 71.03 71.85 7797 74.59

B Skenario 1
W Skenario 2

0.7209 0.7188

Accuracy Precision Recall F1-score

Figure 6. Comparison of Experiment on Attribute Reduction Results

In Experiment on Attribute Reduction, the results showed that the performance difference
between Scenario 1 and Scenario 2 was relatively minimal. This finding indicates that the removal of
two attributes (alcohol and physical activity) did not have a substantial impact on the performance of
the CVD prediction model. In a medical context, a decrease in the Fl-score is relevant; however, a
reduction of less than 0.5 suggests that the model remains balanced between precision and recall despite
the reduction in the number of features. Therefore, the model’s ability to detect positive CVD cases did
not decline significantly after removing the two attributes. These results suggest that the feature set used

700


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 1, February 2026, Page. 691-705
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id

E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.1.5744

in Scenario 2 is sufficiently representative to develop an effective and efficient CVD prediction model.
The visualization of Experiment on Attribute Reductionis presented in Figure 6.

After obtaining the results from Experiment on Attribute Reduction, an analysis is conducted to
interpret the attributes that most strongly influence the output of the CVD risk prediction model using

the SHAP method. The SHAP visualization for Scenario 1 is presented in Figure 7.

= ni [
=g [
cholestero! | NN
weight [l
omi [l
aluc [l
smoke [l
height i
ap_hi_ap_lo_ratio ]
puise I
o |
gender I

bp_category ‘

0000 0025 0050 0075 0100 0125 0150 0175

0000 0025 0050 0075 0100 0125 0150 0175

a. SHAP Scenario 1 b. SHAP Scenario 2

Figure 7. SHAP Results of Experiment on Attribute Reduction

Based on the SHAP results from the two scenarios in Experiment on Attribute Reductionshown
in Figure 6, the findings are almost identical: systolic blood pressure (ap _hi) remains the most influential
attribute, followed by age and cholesterol. Meanwhile, the other attributes contribute far less than these
three variables. This indicates that the removal of two attributes has only a very small effect and does
not significantly influence model accuracy or overall performance. Therefore, the SHAP analysis further
confirms that removing the active and alco attributes does not meaningfully affect the model’s prediction

results.

0.9
B skenario 1
. skenario 2

0.8 4
07424

Fl-score

Accuracy Precision Recall

Figure 8. Experiment Comparing Model Performance with Public and Private Data Results

In Experiment Comparing Model Performance with Public and Private Data , the results indicate
that Scenario 2 achieved better performance than Scenario 1 when both models were evaluated using
private data. The relatively low evaluation scores obtained from the public dataset suggest that it does
not adequately represent the characteristics of CVD patients in Indonesia, limiting the model’s ability
to effectively learn CVD patterns. This limitation may increase the risk of false negatives (patients with
the disease predicted as healthy) if not properly addressed. In contrast, the model trained using private
data demonstrated a substantially higher recall, indicating a stronger ability to detect CVD cases.
Therefore, the performance differences between the two models confirm that the private dataset is more
representative of CVD cases in the Indonesian context, as it was collected directly from RSUD M. Yunus
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Bengkulu. A comparison of the Experiment Comparing Model Performance with Public and Private
Data results is presented in Figure 8.

In Experiment on Data Integration, the results show a consistent increase in recall and F1-score
from Scenarios 1 to 3, with relatively stable performance. This finding indicates that the gradual addition
of public data improves the model’s ability to recognize CVD risk patterns when evaluated on private
testing data. This improvement is also reflected in the relatively stable and progressively increasing
recall and Fl-score values, suggesting a good balance between case detection capability and
classification accuracy. However, in Scenarios 4 and 5, the evaluation metrics consistently decline,
suggesting that the model has exceeded the optimal data integration ratio. Based on the five scenarios
conducted in Experiment on Data Integration, Scenario 3 is determined to be the best model because it
achieves the highest values across all evaluation metrics. Therefore, the testing process is concluded at
Scenario 5. A comparison of the Experiment on Data Integration results is presented in Figure 9.

0.850

B Skenario 1(1:0.5) M Skenario 4 (1:3)
W Skenario 2 (1:1) W Skenario 5 (1:4)
0825 FY3m B Skenario 3 (1:2)
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&
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Accuracy Precision Recall F1-score

Figure 9. Comparison of Experiment on Data Integration Results

4. DISCUSSIONS

Based on the three experiments conducted, the performance of the CVD prediction model is
influenced by the type, quality, and integration strategy of the data. Reducing the number of attributes
from 15 to 13 does not produce a significant impact on performance, indicating that the use of 13
attributes is sufficiently efficient without decreasing accuracy. The integration of the local dataset with
a dataset from another source is proven to improve model performance when the integration ratio is
appropriate.

Based on the SHAP analysis, systolic blood pressure and age were identified as the most
influential factors in predicting CVD. From a medical perspective, this finding is consistent with
established knowledge, as high blood pressure increases the risk of heart attack and stroke, while
advancing age is associated with reduced vascular function. These results indicate that the model
successfully captures patterns aligned with clinical evidence, thereby enhancing the reliability of its
predictions. From an information systems perspective, the use of SHAP improves model transparency
and interpretability, making the results easier for healthcare professionals to understand. This approach
has strong potential to support the development of clinical decision support systems in Indonesia.
Overall, multisource clinical data integration combined with the RF algorithm, RFECV based feature
selection, and SHAP analysis produces a CVD prediction model that is reliable, balanced, and easy to
interpret, with the potential to support clinical decision systems for early detection, particularly under
conditions of limited local datasets. Different from previous research [7], [17], [20], [24] which only
used public datasets to compare ML algorithms, this research integrates local medical record data from
RSUD M. Yunus, Bengkulu City, with a public dataset and analyzes the effect of the number of
attributes through three experiments.
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Therefore, this study contributes by proposing a data integration strategy specifically designed
for small-scale clinical datasets, which is highly relevant for many hospitals in Indonesia facing data
limitations. This approach is expected to address data limitations and support preventive actions for
CVD. Future research is recommended to combine other ML algorithms to further optimize model
performance and to utilize larger and more diverse local datasets in order to improve accuracy, stability,
and practical implementation in clinical contexts.

5. CONCLUSION

Based on the three experiments conducted, it can be concluded that the performance of the
cardiovascular disease (CVD) prediction model is influenced by data type, data quality, and data
integration strategy. The integration of the local dataset with a dataset from another source is able to
significantly improve model performance when performed with an appropriate ratio. SHAP analysis
indicates that blood pressure and age are the most influential factors in predicting CVD risk. The
application of RFECV does not eliminate any attributes, indicating that all attributes provide relevant
contributions to CVD prediction and that the model operates optimally. Overall, this study demonstrates
that multisource clinical data integration with an appropriate ratio, combined with the Random Forest
algorithm and SHAP analysis, can produce a CVD prediction model that is reliable, balanced, and easy
to interpret.

In addition, this study provides an important contribution to the field of Information Systems,
particularly in addressing the challenges of limited clinical datasets in health prediction systems. The
proposed data integration strategy offers a practical solution for developing disease detection systems
under data constraints and provides policy insights for hospitals and healthcare centers regarding the
most influential attributes in detecting cardiovascular disease. By demonstrating that the appropriate
integration of local and public data can improve model performance without reducing interpretability,
this research supports the development of more robust, transparent, and applicable clinical decision
support systems, especially in healthcare environments with limited data availability.
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