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Abstract−This study aims to analyze inpatient data using the K-Means Clustering method on a simulated dataset. The dataset includes 

various patient-related attributes such as age, billing amount, length of stay, medical condition, and type of admission. Several 

preprocessing steps were applied, including date conversion, duration calculation, numerical normalization, and one-hot encoding for 

categorical attributes. The Elbow Method was used to determine the optimal number of clusters, and clustering quality was evaluated 

using both the Silhouette Score and Davies-Bouldin Index. The analysis results show that the patients can be segmented into three 

major clusters, each exhibiting distinct characteristics—for example, younger patients with short and low-cost stays, and elderly 

patients with prolonged and more expensive hospitalizations. The resulting Silhouette Score of 0.14 and Davies-Bouldin Index of 1.74 

reflect a moderate clustering performance, yet the model remains informative and meaningful. These clusters provide actionable 

insights that hospitals can use to optimize their service strategies, improve resource allocation, and enhance operational efficiency. 

Moreover, the study illustrates the practical application of unsupervised learning techniques in healthcare settings, contributing to data-

driven decision-making practices and offering a foundation for further research into patient segmentation. 
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1. INTRODUCTION 

The advancement of digital technology has brought significant changes in the health sector, especially in the use of data 

to support fast and accurate decision making. Health data generated from various sources such as electronic medical 

records, wearable sensors, and laboratory reports are now increasingly large and complex. Therefore, an analysis method 

is needed that is able to explore hidden patterns in the data. One technique that is widely applied is unsupervised learning 

[1], [2]. especially the K-Means Clustering algorithm [3], [4], [5], [6], [7], [8], [9], [10], [11], [12], [13], [14], [15]. This 

algorithm is considered effective for clustering data based on feature similarities, both numeric and categorical, without 

requiring previous labels. This is very relevant in the health sector, where patient data is often not clearly categorized but 

still needs to be analyzed to find homogeneous groups[17]. 

Other studies also emphasize the importance of big data analytics in improving the efficiency and resilience of 

healthcare systems [17]. On another front, Basile et al. (2024) [18] found that large-scale data utilization can enhance 

healthcare quality through process optimization and personalized patient care. 

In the context of hospital management, clustering methods can also be used to design more adaptive policies. In a 

systematic review, Chao et al. (2023) [19] noted that big data analytics has been applied in various public health policies, 

including population risk mapping and more efficient resource allocation. 

In patient data analysis, attributes such as age, type of disease, and length of hospitalization often provide critical 

insights into treatment patterns and patient needs [20]. By employing clustering algorithms like K-Means, patient data 

management can be optimized, enabling the identification of patient groups requiring special attention or specific medical 

interventions [21] .Other studies indicate that this algorithm is also suitable for application in medical imaging data 

[22].Additionally, other approaches, such as combining K-Means with optimization algorithms, have been developed to 

improve segmentation accuracy [3]. 

Although K-Means is known for its simplicity, one of its main challenges is determining the optimal number of 

clusters (k) and managing the various data attributes [14], [23], [24], [25]. Determining the right number of clusters is 

very important because it will affect the quality of the clustering results; if the number of clusters is too small, important 

information can be lost, while if there are too many, the results can be less meaningful. Therefore, various approaches 

have been developed to help determine the optimal value of k. Two of the most commonly used methods are the Elbow 

Method and the Silhouette Score, which have proven to be reliable approaches to evaluate clustering quality [14], [25], 

[26]. 

The Elbow Method is used to see the point at which increasing the number of clusters no longer provides a 

significant decrease in variance within the cluster, while the Silhouette Score measures how similar a data is to its cluster 

compared to other clusters, thus providing a more intuitive measure of compactness and separation between clusters. The 

fundamental objective of this study is to cluster inpatient data based on similar characteristics using the K-Means 

algorithm. In the context of healthcare, clustering like this is very useful because it can help hospitals identify important 

patterns in patient characteristics that were previously unseen. The clustering results are expected to provide valuable 

insights for hospital management, both in formulating more personalized and efficient service strategies, planning bed 
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allocation according to the needs trends of each patient group, and developing more targeted data-based decision support 

systems. Thus, cluster analysis not only improves the quality of service but also supports evidence-based decision making. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages  

The research framework explains the sequence of stages that must be carried out in the research process. Each step is 

arranged systematically and interrelated. The arrangement of these stages aims to support the smooth implementation of 

research so that it runs more effectively and efficiently. The image of the research stages can be seen in image 1 below: 

Figure 1. Research Framework 

The following is an explanation of the research stages in the image above: 

a. Problem Identification 

At this stage, the researcher identifies the problems faced, namely how to group inpatient data based on certain 

characteristics to find hidden patterns or trends in the data. In addition, the objectives and scope of the research to be 

conducted are also determined. 

b. Data collection 

At this stage, relevant data collection is carried out in accordance with the research objectives, namely inpatient data 

from the simulation dataset. The data obtained will go through a selection process and initial processing to ensure 

completeness and suitability before further analysis is carried out. The collected data is an important basis for the 

grouping process and subsequent analysis. 

c. Literature Study 

This stage is carried out by tracing various scientific references that discuss the cluster analysis method and its 

application in grouping patient data or medical data. Through this stage, researchers gain an understanding of the basic 

concepts, appropriate methods, and related previous research results, so that they can be used as references and 

theoretical foundations in this study. 

d. Application of K-Means Algorithm 

This stage includes the process of designing and implementing cluster analysis algorithms on the collected inpatient 

data. The algorithm is used to group data into several categories based on the similarity of characteristics between the 

data, so that patterns or tendencies that are useful for the purpose of patient data analysis can be identified. 

e. Conclusion 

This stage is the drawing of conclusions based on the results of data analysis, literature studies, and implementation 

of the cluster analysis algorithm that has been carried out. Researchers draw conclusions based on research findings, 

evaluate whether the research objectives have been achieved, and interpret the significance of the results obtained. 

This conclusion serves as a summary of the entire research process and as a basis for further research development 

2.2 Data Mining 

Data mining is the process of utilizing computational methods on large data to find new information that is significant, 

valuable, and useful. This process includes automatically identifying hidden patterns by utilizing statistical techniques, 

machine learning, and databases, with the aim of building descriptive and predictive models from the analyzed 
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data[26][27][28]. Data mining is also an important part of the Knowledge Discovery in Databases (KDD) process, which 

consists of data pre-processing, modeling, evaluation, and interpretation of results. Through this iterative process, 

researchers are able to obtain accurate, useful, and applicable knowledge from large-scale data sets. Data mining is a data 

processing technique that aims to extract patterns, relationships, and important information from large and complex data 

sets. This process utilizes various analysis methods such as statistics, artificial intelligence algorithms, and database 

techniques to produce hidden information that was previously not directly detected. In the context of this study, data 

mining plays an important role in processing and analyzing inpatient data using the Cluster Analysis method. By applying 

this technique to a simulated dataset, this study aims to group patients based on certain characteristics, so that it can assist 

hospitals in making decisions related to medical services and patient care management[29][30]. 

2.3 K-Means Algorithm 

The K-Means algorithm is one of the methods in data mining that is used to group data into several clusters based on 

similar characteristics. This algorithm was first introduced by MacQueen in 1967 and is still widely used today because 

of its simplicity and efficiency in handling large data[31][32][33]. 

The purpose of the K-Means algorithm is to divide a set of data into a number of clusters according to a 

predetermined number. Each data will be entered into the cluster that has the closest distance to the center point of the 

cluster or centroid, usually calculated using the Euclidean distance method [3][4]. In this study, the K-Means algorithm 

was applied to group inpatient data based on certain attributes such as age, type of disease, length of treatment, and cost, 

using a simulation dataset. The stages in the K-Means algorithm include: 

1 .  Determine the number of clusters (k). 

2 .  Select k initial centroids randomly. 

3 .  Calculate the distance between each data to all centroids. 

4 .  Groups data into clusters with the closest centroid. 

5 .  Recalculate the centroid position based on the average of the data in each cluster. 

6 .  Repeat the process until the centroid position is stable or the maximum number of iterations is reached. 

The distance calculation generally uses the Euclidean Distance formula as follows: 

𝑑(𝑥, 𝑦) = √∑ (𝑥𝑖 − 𝑦𝑖)2
𝑛
𝑖=1   (1) 

Information: 

The notation d(x, y) represents the distance between the data and the centroid, where xᵢ is the value of the i-th attribute of 

the data, while yᵢ is the value of the i-th attribute of the centroid. The number of attributes taken into account in calculating 

this distance is denoted by n, which indicates the number of dimensions of the data attributes. 

2.4 Inpatients 

An inpatient is someone who receives medical services in a hospital or similar health facility with the provision that they 

must undergo treatment for at least one night or more, according to the medical considerations of professional health 

workers. This service is intended for patients who require intensive monitoring, further medical action, ongoing 

supervision, or special care that cannot be done in a short time or on an outpatient basis. In its implementation, inpatient 

services involve various medical procedures, such as routine physical examinations, administration of drugs, nursing 

actions, and surgery if necessary. During the period of hospitalization, the patient's condition is monitored periodically 

by doctors and nursing staff, and recorded in medical records to monitor the development of their health. Patients who 

undergo inpatient care come from various age groups, from infants to the elderly, with various types of diseases, both 

acute and chronic. The decision to hospitalize a patient is generally influenced by the severity of the condition, potential 

complications, and the need for treatment that requires intensive supervision. Inpatient data plays an important role in 

supporting the management of hospital services, facility planning, and evaluation of the quality of health services to the 

community. 

3. RESULT AND DISCUSSION 

This study aims to cluster inpatients based on specific characteristics using the K-Means Clustering algorithm. The 

research stages include collecting simulated inpatient data, preprocessing, determining the optimal number of clusters, 

applying the algorithm, and evaluating and interpreting the results. These processes were described in detail in Chapter 

2. This chapter presents the results of those stages and the subsequent discussion. 

The dataset consists of numerical and categorical attributes such as age, billing amount, admission and discharge 

dates, medical condition, and type of admission. After preprocessing, including date conversion, creation of a new feature 

(Duration of Stay), encoding, and normalization, the data was ready for clustering. The first step was determining the 

optimal number of clusters using the Elbow method. Figure 1 shows the Elbow graph, where a clear elbow is observed at 

k = 5. This suggests that five is the optimal number of clusters for the dataset. 
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Figure 1. Elbow Plot for Determining Optimal Number of Clusters 

After selecting the value of k, the K-Means algorithm was applied to the preprocessed data. The clustering 

procedure yielded five distinct patient groups, designated as clusters 0 through 4. To assess the quality of the resulting 

clusters, two principal evaluation metrics were employed: the Silhouette Score and the Davies-Bouldin Index. A 

Silhouette Score of 0.14 reflects a moderate degree of cluster separation, suggesting that although the segmentation is not 

optimal, it still reveals meaningful and interpretable patterns.Meanwhile, the Davies-Bouldin Index produced a value of 

1.74 suggests some overlap between clusters, but still shows interpretable cluster structures. These values are common in 

complex, high-dimensional data such as patient datasets. 

To better understand the characteristics of each cluster, a pairplot visualization was generated (Figure 2). This 

visualization illustrates the distribution among numerical variables and how each cluster is distributed across 

combinations of features.  

 

Figure 2.  Pairplot Visualization of Patient Distribution by Cluster 
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Quantitative characteristics of each cluster are summarized in Table 1 This table presents the average values for 

each numerical attribute per cluster. Cluster 0 has an average age of 56.42 years, a billing amount of 13,150.60, and an 

average duration of stay of 9.04 days. Cluster 1 contains patients with an average age of 31.55 years, a relatively high 

billing amount of 35,593.99, and a longer average length of stay at 21.12 days. Cluster 2 consists of patients with an 

average age of 50.26 years, the highest billing amount among all clusters at 38,041.78, and the shortest duration of stay 

at 6.67 days. Cluster 3 includes patients with an average age of 47.80 years, the lowest billing amount at 12,617.20, and 

the longest average hospital stay of 23.21 days. Cluster 4 represents the oldest group, with an average age of 68.63 years, 

a high billing amount of 38,099.94, and a relatively long average duration of stay at 21.11 days. 

         Table 1. Average of Numerical Attributes per Cluster 

Cluster Age 
Billing 

Amount 
Duration of Stay 

0 56.42 13150.60 9.04 

1 31.55 35593.99 21.12 

2 50.26 38041.78 6.67 

3 50.26 38041.78 6.67 

4 68.63 38099.94 21.11 

Based on these results, Cluster 0 consists of middle-aged patients with low average treatment costs and relatively short 

hospital stays. This cluster likely represents patients with mild cases or routine care. Cluster 1 includes young patients 

with high treatment costs and relatively long hospital stays, possibly indicating complex cases or intensive procedures. 

Cluster 2 comprises middle-aged patients with the highest treatment costs but the shortest length of stay, suggesting 

patients who undergo costly short-term procedures. Cluster 3 consists of working-age patients with very low treatment 

costs but long hospital stays, which may reflect chronic conditions or extended conservative treatment. Finally, Cluster 4 

contains elderly patients with high costs and long stays, indicating a possible need for long-term, intensive care. 

From these results, it can be concluded that the clustering successfully differentiates patient groups based on a 

combination of age, cost, duration of stay. For example, Clusters 1 and 4 include patients with high treatment costs and 

long stays, while Clusters 0 and 3 include patients with lower costs, though Cluster 3 has extended stays. 

These findings are useful for hospital management to design service strategies based on the resulting 

segmentation, such as providing specialized services for elderly patients with longer stays and allocating resources more 

efficiently. Nevertheless, the moderate evaluation metric values suggest there is room for model improvement, such as 

by adding more detailed clinical features or applying alternative clustering algorithms like DBSCAN or Hierarchical 

Clustering. 

Overall, the K-Means Clustering method has proven capable of meaningfully segmenting inpatients into five 

distinct groups, offering a foundation for data-driven strategic decision-making in hospital settings. 

The complete source code used in this study is available upon request by contacting the author via email for 

academic or development purposes. 

These findings will be summarized in Chapter IV, which presents the conclusion and recommendations for future 

research directions. 

4. CONCLUSION 

This study aimed to apply the K-Means Clustering method to analyze inpatient data based on a simulated dataset that 

reflects common hospital attributes such as age, treatment cost, length of stay, medical condition, and type of service. 

Based on the analytical process carried out, three main clusters were successfully identified, each with distinct patient 

characteristics. The stages of analysis included data preprocessing, determining the optimal number of clusters using the 

Elbow method, and evaluating clustering results using the Silhouette Score and Davies-Bouldin Index. A Silhouette Score 

of 0.14 and a Davies-Bouldin Index of 1.74 indicate a moderate level of clustering quality, yet still informative and 

relevant. The main findings of this study demonstrate that grouping patients based on certain attributes can reveal patterns 

useful for supporting decision-making in hospital management, such as identifying patient groups with high length of 

stay or significant treatment costs. The key contribution of this research lies in the application of unsupervised learning 

methods in the healthcare domain, with the integration of quantitative evaluation metrics as a validation approach, and 

the use of simulated data that reflects real-world healthcare scenarios. The implication of this study is that hospitals can 

utilize the clustering results as a basis to improve operational efficiency, allocate resources more appropriately, and design 

service strategies tailored to the characteristics of each patient group. However, this study also has limitations, particularly 

the use of a simulated dataset that does not fully reflect the complexity of real-world data, and the clustering evaluation 

values remain within a moderate range. For future work, further research can be conducted using real data from larger 

and more diverse healthcare institutions, adding clinical attributes such as disease history or laboratory results, and 
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exploring other clustering algorithms such as DBSCAN, Hierarchical Clustering, or deep learning-based approaches to 

enhance the accuracy of patient segmentation. Additionally, integrating clustering results into the hospital information 

system as part of a decision support system also represents a promising area for future development. 
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