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Abtract - This study aims to analyze the distribution patterns of
patient diseases using a data mining approach at UPTD
Puskesmas Pakkat. The dataset consists of secondary data from
4,633 patients collected between January 2022 and December
2023, obtained from digital medical records, with variables
including age, gender, and 22 disease diagnosis categories. The K-
Means Clustering method was employed to identify disease
grouping patterns based on patient characteristics. The optimal
number of clusters was determined using the Silhouette Score,
with the best value of 0.5556 at K=6. Cluster quality was further
evaluated using the Davies-Bouldin Index (DBI) with a value of
0.6722, indicating good cluster separation. To support the
classification process, the Decision Tree algorithm was applied to
predict cluster membership for new patient data. Model
evaluation was conducted using a train-test split scheme and k-fold
cross-validation to enhance reliability and minimize the risk of
overfitting. The results indicate distinct disease patterns across age
groups, where infectious diseases such as acute respiratory
infections (ARI) and diarrhea dominate in children, while non-
communicable diseases such as hypertension and diabetes are
more prevalent among adults and the elderly. This study
contributes by integrating clustering and classification methods
and provides data-driven epidemiological insights that can
support decision-making in primary healthcare services.

Keywords — K-Means clustering, Decision Tree, data mining,
disease pattern analysis, primary healthcare

l. Introduction

Data mining is a process of extracting valuable patterns and
knowledge from large-scale datasets to support more effective
and data-driven decision-making, particularly in the healthcare
sector where comprehensive analysis of patient data is essential
for improving service quality and outcomes [1][2][3]. The
increasing availability of electronic medical records has
enabled healthcare institutions to leverage advanced analytical
techniques to identify disease patterns, predict health risks, and
optimize resource allocation [4][5]. Community Health Centers
(Puskesmas), as primary healthcare facilities, play a strategic
role in promotive, preventive, curative, and rehabilitative
services, and routinely collect patient visit data as part of health
information systems [6]. However, in many cases, these data
are primarily utilized for administrative reporting purposes,
leading to the underutilization of their potential for deeper

analytical insights and evidence-based decision-making [7][8].
Various studies have demonstrated the effectiveness of
clustering techniques, particularly K-Means, in identifying
hidden structures and grouping patterns within healthcare
datasets due to its computational efficiency and scalability
[9][10][11]. Similarly, supervised learning methods such as
Decision Tree have been widely applied in healthcare data
classification because of their interpretability and ability to
generate decision rules that are easily understood by
practitioners [12][13]. Despite these advantages, most existing
studies employ clustering and classification techniques
independently, without integrating both approaches into a
unified analytical framework [14]. Moreover, limited attention
has been given to epidemiological interpretation of the results,
which is crucial for translating analytical findings into
actionable healthcare policies and interventions [15]. In
addition, prior research often lacks detailed descriptions of
dataset characteristics, including data imbalance, feature
representation, and preprocessing strategies, as well as the
application of robust validation techniques such as k-fold cross-
validation, which are essential to ensure model generalizability
and reliability. These limitations highlight a research gap in the
integration of unsupervised and supervised learning methods
for primary healthcare data analysis, along with insufficient
emphasis on comprehensive model evaluation and
epidemiological interpretation [16]. To address these gaps, this
study proposes an integrative approach by combining K-Means
Clustering and Decision Tree algorithms within a unified
analytical framework to identify disease distribution patterns
based on patient demographic characteristics. This study
utilizes a dataset of 4,633 patient records with 22 disease
categories obtained from digital medical records at a
Community Health Center, providing a contextual and
representative dataset for primary healthcare analysis.
Furthermore, model evaluation is conducted using train-test
split and k-fold cross-validation techniques to minimize
overfitting and enhance model robustness. The main
contributions of this study include the integration of
unsupervised and supervised learning methods, the
identification of disease distribution patterns based on real-
world primary healthcare data, and the provision of data-driven
epidemiological insights that can support decision-making in
healthcare planning and policy development. Therefore, this
study is expected to contribute to the advancement of data-
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driven health information systems and improve the
effectiveness of primary healthcare services [17].

1. Research Method

A Method

This study employs a data mining approach by
integrating K-Means Clustering and Decision Tree algorithms
to analyze disease distribution patterns based on patient
characteristics. The research framework consists of several
stages, including data collection, data preprocessing, clustering
using K-Means, classification using Decision Tree, and model
evaluation. The dataset used in this study consists of 4,633
patient records obtained from UPTD Puskesmas Pakkat,
covering the period from January 2022 to December 2023. The
data were collected from digital medical records in spreadsheet
(CSV) format. The variables used in this study include patient
age, gender, and 22 categories of disease diagnoses [18]. The
dataset shows a certain level of imbalance, where some diseases
appear more frequently than others, which is a common
characteristic in healthcare data [19].
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Figure 1. Steps In Research Methode

B. Data Preprocesising

Data preprocessing was conducted to ensure data
quality and consistency. This stage includes data cleaning to
remove inconsistencies and validate age ranges, as well as
feature selection to retain relevant variables. Categorical
variables such as gender and disease type were transformed into
numerical values using label encoding. Although label
encoding is simple and efficient, it may introduce ordinal bias;
therefore, its use is justified due to the limited number of
categorical features, while alternative encoding methods such
as one-hot encoding are suggested for future research [20].

Furthermore, numerical normalization was applied using Min-
Max Scaling to transform all variables into a uniform range
between 0 and 1, thereby reducing the influence of different
scales across variables [21].

X' = —XXmin 1)

Xmax— Xmin

C. Implementation of K-Means Clustering

The K-Means Clustering algorithm was applied to
group patients based on similarity in demographic and clinical
characteristics. The optimal number of clusters (K) was
determined using the Silhouette Score by evaluating values of
K ranging from 2 to 10. The highest Silhouette Score of 0.5556
was achieved at K=6, indicating the best cluster configuration.
Additionally, cluster quality was evaluated using the Davies-
Bouldin Index (DBI), resulting in a value of 0.6722, which
indicates good cluster separation. The selection of K= 6 is
based not only on the highest Silhouette Score but also on the
interpretability of the resulting clusters in the context of disease
distribution [23][24][25].

, b(i)-a(i) 2
S(l) = mag(()a(i),b(i ( )

Following the clustering))process, the Decision Tree algorithm
was employed to classify patient data into the generated
clusters. The dataset was divided into training and testing sets
using an 80:20 ratio [26][27]. The Decision Tree model was
trained using the information gain criterion to determine the
optimal splitting attributes. Model performance was evaluated
using several metrics, including accuracy, precision, recall, and
F1-score. The accuracy metric is calculated as (TP + TN) /
Total, ensuring correct formulation of evaluation measures
[29][30].
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Figure 2. K— Means Clustering flowchart
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D. Implementasi Decision Tree

The Decision Tree algorithm was implemented as a
supervised learning method to classify patient data into clusters
generated from the K-Means Clustering process. The input
features used in this model include patient age, gender, and
disease category, while the cluster labels obtained from the
clustering stage were used as the target variable. Prior to model
training, the dataset was divided into training and testing sets
using an 80:20 ratio [31]. The training set was used to build the
classification model, while the testing set was used to evaluate
its performance. The Decision Tree model was constructed
using the information gain criterion to select the optimal
splitting attributes at each node, aiming to maximize the
reduction of entropy [32]. To control model complexity and
prevent overfitting, several parameters were defined, including
a maximum tree depth of 5 and a maximum number of leaf
nodes of 8. These parameters were selected to balance model
interpretability and performance. Model evaluation was
conducted using multiple performance metrics, including
accuracy, precision, recall, and F1-score [33]. The accuracy
metric is calculated using the formula (TP + TN) / Total, while
precision, recall, and F1-score were used to provide a more
comprehensive evaluation of classification performance. To
improve the reliability and generalization capability of the
model, k-fold cross-validation (k=5) was applied. This
validation technique allows the dataset to be partitioned into
multiple subsets, where each subset is used alternately as
training and validation data, thereby reducing bias and
improving robustness. It is important to note that the
classification labels used in this study are derived from
clustering results. Therefore, the evaluation results should be
interpreted cautiously, as high accuracy values may indicate the
model's ability to replicate clustering patterns rather than true
predictive performance.
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Figure 3. Decision Tree Implementation Flowchart

1. Results and Discussion

1. Results

This section presents the results of clustering and
classification processes, followed by an in-depth discussion that
integrates  technical evaluation and epidemiological
interpretation. The K-Means clustering algorithm was applied
to group patient data based on age, gender, and disease
category. The optimal number of clusters was determined using
the Silhouette Score, with the highest value of 0.5556 obtained
at K=6. This value indicates a moderate clustering structure
with acceptable cohesion and separation. In addition, cluster
quality was evaluated using the Davies-Bouldin Index (DBI),
resulting in a value of 0.6722, which confirms that the clusters
are well-separated and relatively compact. The selection of K=6
is not only based on the highest Silhouette Score but also on the
interpretability of the resulting clusters in representing
meaningful disease groupings [34].

Table 1. K-Means Clustering Evaluation Results

Parameter Value Interpretation

Optimal ~ Number of | K=6 Best clustering

Clusters configuration

Silhouette Score 0.5556 Moderate cluster
separation

Davies-Bouldin Index | 0.6722 Good cluster

(DBI) compactness and
separation

The distribution of patients across the six clusters reveals
distinct patterns associated with demographic characteristics.
Clusters dominated by younger age groups are primarily
associated with infectious diseases such as acute respiratory
infections (ARI), fever, and diarrhea. In contrast, clusters
representing older age groups are characterized by non-
communicable diseases such as hypertension, diabetes, and
rheumatism. This finding is consistent with epidemiological
evidence, where infectious diseases are more prevalent among
children, while chronic diseases increase with age. From a
healthcare perspective, these results highlight the importance of
targeted interventions, such as strengthening immunization and
nutrition programs for children, and improving screening and
management of non-communicable diseases among adults and
the elderly.

Table 2. Distribution of Data in Each Cluster

Cluster | Number | Percentage Dominant Characteristics
of Data

1 906 19.6% Children — ISPA, fever

2 707 15.3% Elderly — hypertension

3 1391 30.0% Adults — hypertension,

dyspepsia

4 506 10.9% Elderly — diabetes, gout

5 589 12.7% Children — diarrhea, allergy
6 534 11.5% Children — ISPA, tonsillitis
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The Decision Tree algorithm was implemented to classify
patient data into clusters generated from the K-Means process.
The model achieved a high accuracy of 99.89%, along with high
precision, recall, and Fl-score values. However, this
performance should be interpreted critically. Since the
classification labels are derived from clustering results, the
model essentially learns to reproduce the clustering structure,
which may lead to overfitting. Therefore, the reported accuracy
does not fully reflect the model’s predictive capability for
unseen real-world data.

Table 3. Decision Tree Model Evaluation

Matric Value
Accuracy 99.89%
Precision 99.87%
Recall 99.88%
F1-Score 99.88%
Table 4. Example of Decision Tree Rules
Rule Condition Predicted Interpretation
Cluster
1 Age < 11 AND | Clusterl Pediatric
Disease = ISPA infectious
diseases
2 Age < 11 AND | Cluster5 Child  digestive
Disease = Diarrhea disorders
3 Age > 45 AND | Cluster 2 Chronic disease in
Disease = elderly
Hypertension
4 Age > 45 AND | Cluster 4 Metabolic
Disease = Diabetes disorders
5 Age 26-45 AND | Cluster 3 Adult  digestive
Disease = conditions
Dyspepsia
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Figure 4. 3D Visualization of K-Means Clustering

2. Discussion

To address this issue, k-fold cross-validation (k=5)
was applied to evaluate the model’s stability and generalization
performance. The results indicate relatively consistent

performance across folds, suggesting that the model is stable
within the dataset used. Nevertheless, further validation using
independent  datasets is necessary to confirm its
generalizability. In addition to performance metrics, the
Decision Tree model provides interpretable classification rules.
These rules indicate that age is a dominant factor influencing
cluster membership, followed by disease type. For example,
younger patients diagnosed with ARI or diarrhea are
consistently classified into clusters associated with pediatric
conditions, while older patients with hypertension or diabetes
are grouped into clusters representing chronic disease patterns.
This interpretability is a key advantage of the Decision Tree
algorithm, as it allows healthcare practitioners to understand
and utilize the model in practical decision-making contexts.

Compared to previous studies that applied clustering
or classification independently, this study demonstrates the
added value of integrating both approaches. The K-Means
algorithm effectively identifies hidden patterns in the data,
while the Decision Tree provides a mechanism for classifying
new patient data based on those patterns. This integrated
approach enhances both analytical capability and practical
applicability in healthcare settings. However, this study has
several limitations. The use of limited variables, namely age,
gender, and disease category, may restrict the model’s ability to
capture more complex clinical relationships. Additionally, the
use of label encoding may introduce bias in distance-based
methods such as K-Means. Furthermore, the absence of
comparison with other classification algorithms limits the
ability to evaluate relative performance. Future studies are
recommended to incorporate additional clinical variables, apply
alternative encoding techniques, and compare multiple machine
learning algorithms such as Random Forest and Naive Bayes to
obtain more robust results [35].

IV. Conslusion

1. This study successfully integrates K-Means Clustering
and Decision Tree to analyze disease distribution
patterns in primary healthcare data.

2. The optimal clustering result is achieved at K=6, with
a Silhouette Score of 0.5556 and DBI of 0.6722,
indicating a reasonably good clustering structure.

3. The findings show that infectious diseases dominate
younger age groups, while non-communicable
diseases are more prevalent in older populations.

4. The Decision Tree model achieves high accuracy, but
this should be interpreted cautiously due to potential
overfitting caused by the use of cluster labels.

5. The integration of clustering and classification
methods provides meaningful insights for data-driven
healthcare decision-making.
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