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Abstract.

Purpose: The goal is to improve how inventory is managed in healthcare by using K-Means clustering to analyze
prescription trends. This approach helps ensure better stock availability, streamlines operations, and ultimately
increases sales opportunities.

Methods: This research applied the K-Means clustering algorithm to analyze a comprehensive dataset of prescription
behaviors from XYZ Clinic. By grouping similar prescriptions into clusters, this method highlighted patterns within
the data. These insights led to the identification of unique prescription categories, enabling the creation of tailored
recommendations for improving inventory management.

Result: The analysis showed that Cluster 1 should be prioritized for inventory management due to its high sales
potential and consistent prescription patterns. It is recommended to increase stock for the medications in Cluster 1 to
improve inventory turnover and streamline clinical operations. These findings underscore the value of K-Means
clustering in healthcare, especially for enhancing inventory management and operational efficiency.

Novelty: This research presents a novel application of K-Means clustering in healthcare, focusing on prescription
patterns and inventory management. While previous studies have primarily used K-Means clustering for areas such as
risk assessment and logistics, this study provides valuable data-driven insights to improve inventory management
strategies in healthcare. The results highlight how clustering methods can support better decision-making and resource
allocation, ultimately leading to greater operational efficiency and improved patient care.
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INTRODUCTION

The advancement of information systems has had a significant impact on various fields, including
education, entertainment, healthcare, and business. In healthcare, substantial investments are being made
to enhance these systems, with the goal of improving the quality of patient care and increasing the efficiency
of cost management.. [1] Health Information Systems (HIS) and Health Informatics (HI) are essential in
harnessing health information technology to enhance the efficiency and quality of healthcare services. They
also pave the way for new advancements and innovations in the field. [2] The integration of diverse
healthcare systems with business process management systems is increasingly acknowledged for its
potential to streamline operations and improve efficiency across various medical institutions. [3] Within
this framework, data mining plays a critical role as an analytical approach that explores large datasets to
uncover hidden patterns and relationships between variables. This process involves multiple stages,
including data selection, cleaning, applying algorithms, and evaluating the results. [4], It helps to
summarize information in creative ways, making it more comprehensible and beneficial for end-users [5].

Data mining specifically includes tasks such as frequent pattern mining, clustering, classification,
association rule mining, and regression analysis [6]; [7], These tasks are crucial for unlocking the full
potential of health information systems to further improve healthcare delivery. Efficient drug requirements
planning is especially important for managing medications across various healthcare settings. This process
involves drug selection, quantification, procurement, distribution, and usage, all of which directly impact
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the availability and timely delivery of medications. [8]. Overstocking of medications can interfere with the
drug management system, resulting in inefficiencies and possible wastage [9]. By applying data mining
techniques like clustering, healthcare institutions can improve drug inventory management, ensuring timely
and efficient delivery while minimizing waste. This not only enhances overall healthcare outcomes but also
addresses the challenges of fluctuating drug demand. Effective inventory management is a critical element
of supply chain operations, particularly in the pharmaceutical industry, where demand can vary
significantly. [10]. Poor management of drug inventory can lead to interruptions in drug availability,
negatively affecting customer satisfaction and sales performance [11]. Running out of drug supplies during
periods of high demand can result in delayed or canceled sales, which directly impacts the organization's
revenue [11]. By combining data mining and clustering techniques, healthcare institutions can better predict
demand trends, adjust inventory levels accordingly, and maintain a balanced supply chain that meets patient
needs while minimizing waste and financial losses. Accurate sales forecasting is especially important for
clinics and pharmaceutical distribution companies, where reliable predictions are key to managing
inventory efficiently and ensuring financial stability.

The main challenge clinics encounter is inaccurate sales forecasting, which can result in excessive inventory
buildup and financial losses from increased storage costs. [12]; [13]). This issue goes beyond clinics, as
accurate sales forecasting is essential in many industries to avoid both overstocking and understocking,
which can result in significant financial losses. [14] ;[15]. By using advanced data mining techniques,
organizations can greatly improve the accuracy of their sales forecasts, leading to better inventory
management and stronger financial performance. To further streamline drug inventory, the K-means
clustering method can be applied to identify and group frequently prescribed medications. K-means is a
powerful tool for analyzing large datasets and efficiently categorizing similar items. [16] By using
clustering techniques like K-means, hospitals can categorize drugs based on how frequently they are
prescribed, making it easier to manage drug inventories more efficiently and maintain optimal stock levels.
[17]. K-means clustering is commonly applied because of its simplicity and rapid convergence, making it
an ideal choice for efficiently and quickly grouping data [18]. This approach allows for the grouping of
similar items, and when applied to drug inventories, it can reveal patterns in prescription habits, leading to
more efficient inventory management. Moreover, K-means clustering can identify groups of drugs that are
often prescribed together, helping to optimize stock levels for these specific categories and ensuring that
essential medications are readily available. [17]. In this context, the study evaluated the effectiveness of the
K-means algorithm for planning drug requirements in health clinics.

Previous research has laid the groundwork for conducting drug clustering tests using the K-means method,
as evidenced by several studies. For example, a study from China assessed the risk of road collapse during
and after tunnel construction by using an enhanced entropy weight method and K-means clustering. This
research combined entropy weight and analytic hierarchy process (AHP) techniques to reduce bias, while
the K-means algorithm improved the classification of evaluation outcomes, demonstrating the versatility
of K-means in various fields, including healthcare. [19]. In another study from India, researchers introduced
an innovative method that combines spectral clustering algorithms with a quadratic support vector machine
(SVM) to predict learning styles on an e-learning platform. The research involved gathering data from log
files, extracting features using web mining, clustering these features, and predicting learning styles through
the quadratic SVM. The proposed method was tested on real-time datasets and demonstrated improved
performance compared to existing techniques, highlighting its potential for more accurate learning style
predictions. [20]. In a collaborative study between institutions in Malaysia and China, researchers explored
the integration of smart city information technology with data mining algorithms to detect accounting fraud.
By applying K-means clustering, the study was able to identify abnormal financial patterns and fraudulent
activities in accounting data, leading to a significant reduction in misjudgment rates compared to traditional
methods. This highlights the effectiveness of combining advanced technology with data analysis techniques
in fraud detection. [21]. Additionally, a study from Taiwan examined the use of simulation optimization to
reduce medication inventory costs in an outpatient pharmacy. The research combined a two-stage clustering
method with the (s, S) inventory policy to create a simulation optimization model. By using Arena OptQuest
software, the study identified the optimal minimum and maximum stock levels for each medication. This
approach led to a remarkable 55% reduction in average inventory costs and a 68% decrease in inventory
volume, all while maintaining continuous patient care. [17]. Moreover, a study from China focused on
improving order allocation efficiency in the logistics service supply chain and optimizing customer
satisfaction. The researchers developed a cloud-based logistics service supply chain, analyzed the order
allocation process, and introduced a hybrid approach that combines K-means clustering with Quality of

812 | Scientific Journal of Informatics, Vol. 11, No. 3, Aug 2024



Service (QoS) matching. Through simulation experiments, they evaluated the algorithm’s recall ratio and
precision, demonstrating its effectiveness in preventing service regressions while meeting customer needs.
[22].

Our study presents a novel use of K-means clustering to analyze prescription patterns in a healthcare setting.
While previous research has mainly focused on applying K-means clustering in areas like infrastructure
risk assessment, educational technology, financial fraud detection, pharmacy inventory optimization, and
logistics supply chain management, this study emphasizes its innovative application within healthcare.
Specifically, it utilizes data mining techniques to identify and classify prescription patterns in clinical
environments, offering new insights for improving healthcare operations.

METHODS

Knowledge discovery in databases (KDD)

KDD (Knowledge Discovery in Databases) has emerged as an essential field in response to the challenges
created by the rapid accumulation of data, which surpasses both technical and human abilities to process
and interpret it effectively ("Knowledge Discovery in Database Systems”, 2017). The goal of KDD is to
extract meaningful and novel insights from large datasets, providing valuable knowledge that can inform
decision-making and improve various processes. [23]. A key component of KDD is data mining, which
involves identifying patterns within structured, semi-structured, and unstructured data, contributing to the
broader process of knowledge discovery [24]. The KDD process is described as tedious and repetitive,
highlighting the complexity involved in uncovering meaningful insights from data [25]. KDD is a
systematic and iterative process aimed at extracting valuable and novel patterns from large datasets [26].
This methodology involves multiple interactive stages that require the use of data mining techniques to
identify meaningful patterns [27]. Data mining, as a crucial component of KDD, facilitates the
transformation of data into actionable [27]. The KDD process is user-centric, emphasizing interactivity and
iteration to reveal new insights [28]. The evolution of KDD has led to the recognition of data mining as a
subprocess within the broader framework of knowledge discovery, underscoring the significance of
deriving high-level insights through systematic processes [29]. The KDD process involves several key
activities, including data selection, cleaning, transformation, data mining, and analysis/assimilation. These
steps work together to ensure the effective extraction of valuable knowledge from large datasets, helping
to uncover patterns and insights that can be applied to real-world challenges [30].
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Figure 1. Stages of knowledge discovery in databases process

To initiate the knowledge discovery process, several essential steps must be carefully carried out [31]. The
first step, Data Selection, involves identifying and extracting relevant information from existing databases.
This foundational phase focuses on choosing data that holds potential value for future analyses. Following
this, Data Cleaning is essential to ensure the quality of the data by addressing issues like completeness,
accuracy, and integrity, which are critical for producing reliable results in later stages of analysis. [32]. This
phase removes inconsistencies and non-standard elements that could skew analysis results.

Once data selection and cleaning are complete, Data Integration brings together information from various
sources, ensuring coherence and consistency throughout the combined dataset. Following this, Data
Transformation adjusts the data format to meet the needs of the analytical algorithms that will be applied
next [33]. This step prepares the data effectively for advanced data mining techniques.
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Data Mining serves as the heart of the KDD process, using advanced techniques to discover meaningful
patterns and insights from the prepared dataset. Once extracted, these patterns undergo Patterns Evaluation,
where they are rigorously assessed against predefined criteria to highlight the most valuable findings.
Finally, Knowledge Presentation ensures that these insights are communicated clearly, often through visual
tools like graphs, diagrams, or detailed reports. This systematic approach ensures that valuable knowledge
is not only extracted and evaluated but also presented in a way that supports informed decision-making and
actionable insights.

These steps are vital components of the knowledge discovery process, facilitating the extraction of
meaningful insights and patterns from large datasets. Researchers highlight the significance of these stages
in ensuring the validity [34], novelty [35], and utility [36] of the discovered knowledge [37] [38] [39] [40].
By systematically adhering to these stages, KDD ensures effective data processing that reveals meaningful
and actionable insights, addressing the challenges associated with the growing volume of data.

The k-means (KM) clustering algorithm
The K-means (KM) clustering technique divides a multidimensional data space into several clusters, with
each cluster centered around a randomly assigned centroid. The data points are grouped based on their
proximity to the closest centroid, ensuring that each cluster contains data points most similar to its centroid.
This process helps to identify natural groupings within the data, simplifying complex datasets for further
analysis. [41]. The KM algorithm assigns each observation to the nearest cluster in a dataset of d-
dimensional vectors X = {x1,x2,...,xd}. It uses the Euclidean distance that exists between a finding and a
cluster centroid as a metric to minimise the sum of squares generated by the objective function. [42]:

1. Calculate k as the number of clusters to be generated using the elbow criteria approach specified

by the following formula.

2
SSE = Y(k = DX 3(x; = S)|IN; = Cil| (1)
2. Establish the first cluster centre point (centroid) by randomly selecting k. An initial centroid is
randomly determined from a pool of items accessible in up to k clusters. The next ith centroid
cluster is calculated using the following formula.

v=_C>0=1D"x)/ni=123,..,n (2)

3. To get the distance between each item and every centroid of each cluster, use Euclidean Distance
and use the following formula.

d(xvy) = ||x _}’” = \/(Z(l = l)n(xi _yi)z)vi = 1r2:3! - n (3)

4. Assign each item to the closest centroid. The assignment of objects to clusters during iteration is
often done using hard k-means. In this method, each object is explicitly designated as a member
of a cluster based on its closeness to the cluster's centre point.

5. Execute an iteration and then ascertain the location of the newly formed centroid by reference to
the equation.

6. Proceed to repeat the third step if the altered centroid is not positioned identically.

The davies-bouldin index (DBI)

The Davies-Bouldin Index (DBI), introduced by David L. Davies and Donald W. Bouldin in 1979, is a
metric used to evaluate the quality of clustering. It is calculated as the average ratio of intra-cluster distances
(how compact each cluster is) to inter-cluster distances (how separate clusters are) for each cluster relative
to its nearest neighbor. A lower DBI value indicates better clustering, with tighter groupings and more
distinct separation between clusters. The DBI shows a positive correlation in "within-cluster" scenarios and
a negative correlation in "between-cluster” scenarios. It is highly regarded for internal validation, one of
the two primary methods of cluster validation (the other being external validation), both of which are crucial
for accurately assessing the outcomes of clustering analyses. [43].
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RapidMiner

RapidMiner is an interactive platform designed for machine learning and data mining tasks. As a free, open-
source project developed in Java, it uses a modular approach to handle complex problems, enabling users
to build advanced chains of operators for various computational tasks. The platform uses XML to define
operator trees, which represent knowledge discovery (KD) processes. RapidMiner offers flexible operators
for importing and exporting data in multiple file formats and includes over 100 algorithms tailored for tasks
such as classification, regression, and clustering [44].

RESULT AND DISCUSSION

This research focuses on analyzing the sales data from XYZ Clinic between January and April 2024, as
shown in Table 1. The data is sourced directly from the clinic's sales tracking system, ensuring its accuracy
and reliability. It includes essential attributes like product names and quantities sold during this period. The
dataset, consisting of 44 different products, has been carefully reviewed to eliminate any errors or
inconsistencies, providing a solid foundation for analysis. Each entry includes details such as the sale date,
product name, quantity sold, and relevant patient information. The purpose of this study is to identify sales
trends and consumption patterns among patients, with the results expected to support better decision-
making in inventory management and marketing strategies at XYZ Clinic.

Table 1. Product sales data set

No Product Name Number of Sales
Jan Feb Mar Avpril

1 Oxy blue cream 71 69 102 124
2 Oxy blue cream blue 50 96 126 90
3 Cream skin barrier 96 70 11 123
4 Skin care 108 40 61 13
5 Acne cream night 34 94 111 84
43  Baby skin-3 82 61 11 102
44 Placental serum 10ml 80 66 99 18

Use of k-means algorithm

The K-Means algorithm is used in this study to tackle the challenge of segmenting or categorizing
medications into different clusters. The authors tested five different configurations of the K-Means
operator, varying the number of clusters between 2, 3, 4, 5, and 6. The most optimal configuration was
selected based on an evaluation using the Davies-Bouldin Index. This approach helps address the known
sensitivity of K-Means to the number of clusters, as changes in cluster numbers can significantly impact
segmentation results. Determining the right number of clusters is crucial for achieving accurate
segmentation outcomes.

To further enhance the analysis, the authors also considered the Elbow Method, which calculates and
compares WCSS (Within-Cluster Sum of Squares) values to determine the optimal number of clusters.
Additionally, the study explored the use of the k-Medoids technique as an alternative to improve the
accuracy of the segmentation process.

Table 2. Davies bouldin index evaluation results

Cluster Davies Bouldin
2 -1.639
3 -1.538
4 -1.458
5 -1.220
6 -1.158

From the table above, it can be seen that K-Means with 6 clusters has a smaller value compared to the
number of other clusters. This indicates that configurations with 6 clusters provide the best performance.
Thus, the number of such clusters can be considered the most optimal and recommended for use in the
process of clustering customer data.
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Clustering results based on product sales

cluster cluster_1

Jan Feb Mar ® April

Figure 2. The different between gaussian and salt & papper noise

Based on the figure above it can be seen that the clusters with the highest expenditure are:

Cluster 0: There are 9 Product items.
Cluster 1: There are 10 Product items.
Cluster 2: There are 6 Product items.
Cluster 3: There are 6 Product items.
Cluster 4: There are 7 Product items.
Cluster 5: There are 6 Product items.

The total number of items from all clusters is 44. Based on this data, cluster 1 has the highest number of
items, which probably shows the highest expenditure among other clusters.
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Figure 3. Matrix scatter plot

The figure above illustrates the distribution of drug sales data at XYZ Clinic from January to April,
corresponding to the clustering analysis we conducted earlier. This graph offers a detailed perspective on
the fluctuations in daily or weekly sales within each month. The matrix uses points plotted on two-
dimensional coordinates, where the X-axis and Y-axis may represent variables like sales volume and
transaction frequency or other relevant metrics. This visual representation helps to highlight patterns and
trends in the clinic’s sales data.

1) Distribution in Months: Within each panel from January to April, there is a wide distribution of
points, showing variations in sales data. Points that are more concentrated in a particular area may
indicate a more stable sales pattern or a high frequency of transactions at a certain sales value.

2) Comparison Between Months: The comparison between panels shows a difference in the
distribution of points from one month to another. This indicates a change in sales patterns, which
could be due to seasonal factors, promotions, or changes in sales policy.

3) Outliers: Some points that are far from the main concentration can be considered as outliers, which
may indicate unusual transactions or extraordinary events affecting sales.

CONCLUSION

The cluster visualization results show that Cluster 1 contains the highest number of product items (10
items), potentially indicating the highest expenditure compared to other clusters. Across the 44 product
items, they are distributed among 6 clusters: Cluster 0 (9 items), Cluster 2 (6 items), Cluster 3 (6 items),
Cluster 4 (7 items), and Cluster 5 (6 items). Given its larger number of items, Cluster 1 is identified as the
most significant cluster. It is recommended that clinics focus on increasing stock for products within this
cluster to improve inventory management, sales planning, and overall clinical operational efficiency.
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