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 The management of consumable inventory expenditure at the Human 

Resources and Personnel Development Agency (BKPSDM) of Kudus 

Regency continues to encounter challenges due to manual and 

unsystematic data analysis processes. This study uses a dataset of 93 

expenditure records for consumable inventory items in the 2025 

period, obtained from the official inventory expenditure data of 

BKPSDM Kudus Regency. The main variables analyzed are the 

quantity of expenditures and the total expenditure value. This study 

aims to classify inventory usage data using the K-Means Clustering 

method supported by the CRISP-DM framework. The variables used 

include the quantity and total value of item expenditures. A web-based 

system was also developed to support the clustering process and 

provide analysis results more effectively. The K-Means++ algorithm 

was implemented to obtain better centroid initialization. The findings 

show three main clusters representing low, medium, and high 

expenditure levels. The system presents clustering results in tables 

and charts, making them easier to interpret for decision-making. This 

research is expected to support inventory planning and improve 

efficiency in inventory management at BKPSDM Kudus.  
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1. INTRODUCTION 

Effective management of consumable inventory is essential to maintain operational 

efficiency within public sector institutions. At the Regional Civil Service and Human 
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Resources Development Agency (BKPSDM) of Kudus Regency, inventory expenditure data 

are still processed manually, limiting the ability to analyze consumption patterns, set 

procurement priorities, and control stock levels effectively. As a result, inventory planning 

decisions are not yet supported by a comprehensive analytical framework. 

Clustering techniques in data mining are widely used to identify hidden patterns in 

inventory and transactional data. Clustering is a technique that groups data objects based 

on their similarity without relying on predefined class labels [1]. K-means is an 

unsupervised learning algorithm, first published by Stuart Lloyd in 1984, and it is one of the 

most widely used clustering algorithms. K-means is a relatively simple clustering method 

that partitions a dataset into k clusters. The algorithm is easy to implement and execute, 

relatively fast, adaptable to various types of data, and widely applied in practice [2]. 

However, the standard K-Means algorithm is known to be sensitive to the selection of initial 

centroids, which can lead to inconsistent clustering results and convergence to local optima, 

especially on complex or large datasets [3] [4]. 

To overcome this limitation, Arthur and Vassilvitskii (2007) introduced K-Means++, 

which improves centroid initialization and enhances clustering stability. Although 

alternative methods such as hierarchical clustering and DBSCAN offer certain advantages, 

they generally require higher computational cost or complex parameter tuning. Moreover, 

the implementation of clustering in government institutions remains limited, particularly 

within a structured framework such as CRISP-DM and integrated web-based systems. 

Therefore, this study applies the K-Means++ algorithm using the CRISP-DM 

framework to analyze consumable inventory expenditure at BKPSDM of Kudus Regency 

and develops a web-based system for automated analysis and visualization. This research 

contributes by providing a more stable clustering model and a practical decision-support 

tool to enhance inventory management efficiency in the public sector. 

2. RESEARCH METHOD 

2.1. Research Framework 

Figure X illustrates the research methodology adopted in this study, which follows 

the CRISP-DM (Cross Industry Standard Process for Data Mining) framework. CRISP-DM 

provides a structured and iterative approach consisting of six major phases: Business 

Understanding, Data Understanding, Data Preparation, Modeling, Evaluation, and 

Deployment. 

The Business Understanding phase focuses on identifying the core problem related 

to the management of consumable inventory expenditure data at BKPSDM Kudus Regency 

and defining the analytical objectives. The primary objective of this study is to classify 

inventory items based on expenditure quantity and total expenditure value in order to 

support more effective inventory planning and budget allocation. 
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The Data Understanding phase involves data collection, exploration, and 

descriptive statistical analysis of the dataset. This stage includes examining data 

distribution, detecting potential outliers, and assessing attribute consistency to ensure 

relevance to the research objectives. 

The Data Preparation phase encompasses preprocessing activities such as data 

cleaning, feature selection, data transformation, and normalization where necessary. These 

procedures are conducted to ensure data quality and readiness prior to model 

implementation. 

During the Modeling phase, the K-Means Clustering algorithm is applied with 

centroid initialization using the K-Means++ method to improve clustering stability and 

reduce sensitivity to initial centroid selection. The clustering process is performed iteratively 

until convergence criteria are satisfied based on minimal centroid displacement. 

The Evaluation phase assesses the quality and validity of the generated clusters 

using the Silhouette Score metric. This evaluation quantitatively measures intra-cluster 

cohesion and inter-cluster separation to determine the strength of the clustering structure. 

Finally, the Deployment phase represents the implementation of the clustering 

model into a web-based system and the presentation of analytical reports and visualizations 

to support managerial decision-making in inventory management. 

By adopting the CRISP-DM framework, this study ensures that the data mining 

process is conducted systematically, rigorously, and in accordance with internationally 

recognized methodological standards. 

 

Figure 1. Research Framework Diagram Based on CRISP-DM 

https://doi.org/10.24036/jtip.v19i1.1106
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2.2. System Design 

2.2.1. Use Case Diagram 

 
Figure 2. Use Case Diagram 

Actors 

1) Administrator: Has full access rights to manage and control all system features and 

data. 

2) user: Responsible for login, logout and viewing clustering analysis results. 

3) Main Use Cases 

4) Authentication: Validating user access to the system. 

5) Item Data Management: Managing inventory master records. 

6) Expenditure Data Management: Recording and maintaining expenditure data. 

7) K-Means++ Processing: Executing automated clustering analysis. 

8) Result Visualization: Displaying clustering outcomes. 

9) Report Generation: Producing analytical reports. 

10) Logout: Securely ending user sessions. 
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2.2.2. ERD (Entity Relationship Diagram) 

 
 

  Figure 3. ERD (Entity Relationship Diagram) 

The ERD defines the database structure and entity relationships to support efficient 

data management in the inventory expenditure clustering system. Entities: User, Item, 

Expenditure, Clustering_Result. Relationships: Users manage Expenditure data; Items are 

referenced in Expenditure records; Expenditure data generate Clustering_Result outputs. 

2.2.3. Class Diagram 

 

Figure 4. Class Diagram 

The system consists of four main classes: User, Item, Expenditure, and 

ClusteringResult. User and Item have one-to-many relationships with Expenditure, which 

stores transaction data processed by the K-Means algorithm. Each Expenditure record is 

https://doi.org/10.24036/jtip.v19i1.1106


Jurnal Teknologi Informasi dan Pendidikan 

Volume 19, No. 1, March 2026  

https://doi.org/10.24036/jtip.v19i1.1106 
 

 

1418  P.ISSN: 2086 – 4981 

E.ISSN: 2620 – 6390 

tip.ppj.unp.ac.id 

linked to a single ClusteringResult, ensuring structured and efficient storage of clustering 

outputs. 

2.2.4. K-Means++ Algorithm Flowchart 

 
Figure 5. K-Means++ Algorithm Flowchart 

The K-Means++ clustering process begins by retrieving consumable inventory 

expenditure data, including quantity and total cost. The data are normalized to ensure 

balanced variable scaling. The first centroid is randomly initialized, and subsequent 

centroids are selected based on squared distance probability to improve centroid 

distribution. 

Distances between data points and centroids are computed using Euclidean 

Distance, after which data are assigned to the nearest cluster. Centroid positions are 

iteratively updated by calculating the mean of cluster members. The process continues until 
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convergence criteria are met, such as stable centroid positions or reaching the maximum 

iteration limit. 

Once converged, the final clustering results are stored and visualized using scatter 

plots and expenditure distribution charts, completing the K-Means++ analysis process. 

3.    RESULTS AND DISCUSSION 

3.1. K-Means++ and K-Means Clustering Methods Implementation Using Microsoft 

Excel 

Table 1. Data Transformation & Modeling 

 
 

The stages of the K-Means++ algorithm calculation are as follows: 

3.1.1. Determining the Centroid Points Using the K-Means++ Algorithm 

This stage involves selecting the initial centroid points before performing the 

clustering process. 

3.1.1.1. Selecting the first centroid randomly from the dataset. 

Table 2. centroid randomly from the dataset 
data ke X  Y  

1 11 550  
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3.1.1.2. Calculating the distance of all data points in the dataset from the selected centroid 

using the following formula. 

 

𝑑1 = (11 − 11)2 + (550 − 550)2= 0 

𝑑2 = (11 − 4)2 + (550 − 280)2= 72,949  

etc.. 
 

Table 3. calculating the distance of all 

 
3.1.1.3. The data point with the highest probability value is selected as the new centroid. 

Based on the calculation results, data point number 6 has the maximum 

probability value of 16.936; therefore, it is chosen as the second centroid (C2). 

Table 4. centroid 2 
data ke X  Y  

1 11 550  

17  680   16.936  

 

3.1.1.4. Steps 2 and 3 are repeated iteratively until the required number of clusters (k) is 

fulfilled and all centroids have been determined. 

Table 4. centroid 2 
data ke X  Y  

1 11 550  

6 17  680  

21 290 5.800 

 

3.1.2. Computation Process Using the K-Means Clustering Algorithm 

At this stage, the collected data are prepared according to the system used for data 

mining analysis. The transformation process is carried out by inputting consumable 

inventory expenditure data into the data mining application. 

3.1.2.1. Determination of the Number of Clusters 

The number of clusters is determined based on inventory expenditure 

characteristics, namely C1, C2, and C3. Therefore, the number of clusters (k) is set to three. 
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3.1.2.2. Initialization of Initial Cluster Centroids 

The selection of initial centroids in the K-Means algorithm is a critical step, as the 

clustering results are highly dependent on the initial centroid positions. In this calculation, 

the initial centroid positions are defined as follows : 

Table 5. Initial Centroid Positions 

record centroid X Y 

1 1 11 550 

6 2 17 680 

21 3 290 5.800 
    

 

3.1.2.3. Euclidean Distance Comparison 

The Euclidean Distance formula is used to calculate the distance between each data 

point and the centroid : 

  

                                                                                                                                                    (3) 

x1: expenditure quantity of the data                                  

x2: total expenditure value of the data 

c1, c2: centroid coordinates 

3.1.2.4. Classification of Data Based on the Nearest Centroid 

After calculating the distance to all centroids, the smallest distance is identified using 

the MIN function. Each data point is then assigned to a cluster using the following criteria: 
 

                           (4) 

 

C0: Euclidean distance to Centroid 0           

C1: Euclidean distance to Centroid 1 

C2: Euclidean distance to Centroid 2 

3.1.2.5. Updating the Centroid Values 

Once all data points are assigned to clusters based on their nearest centroids, the 

next step is to update the centroid values. The new centroid for each cluster is calculated as 

the mean of all data points belonging to the respective cluster. 

 

 

 

 

distance = √(𝒙𝟏 − 𝒄𝟏)𝟐 + (𝒙𝟐 − 𝒄𝟐)𝟐 

 

= IF(C0=MIN(Range C0 to C2), "0", 

IF(C1=MIN(Range C0 to C2), "1", "2")) 
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Table 6. Initial Clustering Calculation Results 

 
 

After the initial cluster assignment, centroid positions are updated by computing the 

mean of all data points within each cluster to better represent group characteristics. 

3.1.2.6. Iteration 

The K-Means algorithm iteratively performs distance computation, cluster 

assignment, and centroid updating until cluster memberships stabilize and no further 

centroid changes occur. In this study, steps 2–5 are repeated until convergence is achieved 

to ensure optimal and representative clustering results. 

Table 7. Iteration Process Results 
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Centroid positions converge at the 12th iteration, indicating stable cluster centers 

that define the Final Cluster Centers. These final centroids represent the optimal and 

converged expenditure groupings across three clusters.  

Table 8. Final Cluster Center at Iteration 12 

 
 

Based on Table 5, C0, C1, and C2 denote the centroid values for each cluster at every 

iteration. The Minimum column represents the shortest distance between each data point 

and its nearest centroid, while the Cluster column indicates the assigned group. After the 

iterative process converges, the centroid values remain stable, and these final values are 

defined as the Final Cluster Centers. 

3.2. Web-Based Application Implementation 

The K-Means Clustering application for consumable inventory expenditure is 

developed using the PHP programming language with the Laravel framework. The 

application provides several main features, including: 
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3.2.1. Login Page: This page is a crucial component of the application’s security system. 

Its function is to authenticate users before they can access the system’s features and 

to ensure that only authorized users are allowed to log in. 

 

Figure 6. Login Page 

3.2.2. Dashboard Menu: Displays the main interface of the Consumable Inventory 

Expenditure K-Means Clustering application. 

 

Figure 7. Initial Interface of the K-Means Clustering Application 

3.2.3. Item Menu: Displays the master data of inventory items 

 

Figure 8. Item Menu Interface 
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3.2.4. Monthly Outgoing Items Menu: Displays the history of inventory expenditure 

based on monthly periods. 

 

 

Figure 9. Monthly Outgoing Item Menu Interface 

3.2.5. Menu Outgoing Goods Recap Data: Presents the total quantity and total value of 

goods expenditures within a specified time period. 

 

 

Figure 10. Outgoing Goods Recap Data Menu Interface 

3.2.6. Clustering Results Menu: Displays the results of clustering analysis, scatter plot 

visualizations, and downloadable reports in Excel format. 

 

Figure 11. Clustering Process Interface 
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3.2.7. When the Clustering Process is clicked, a dialog box appears indicating that the K-

Means Clustering process has been completed. 

 

3.3. Clustering Analysis Results 

The clustering analysis results form three groups in the Cluster column. The group 

names are displayed using descriptive words rather than numerical labels, as typically 

shown in Microsoft Excel, making the results easier for users to understand. The results can 

also be downloaded as an Excel file. 

 
 

Figure 13. Clustering Analysis Results Interface 

 

3.4. Scatter Plot 

In addition to the analysis results, a scatter plot is displayed to illustrate the 

clustering formed. Three clusters are generated, and the scatter plot visualizes these clusters 

using three different colors to clearly distinguish each group. 

 
 

Figure 14. Scatter Plot Interface 

 

3.5. Interpretation of Results 

The clustering results of this study consist of three groups: 

1) Cluster 0 (High) records the highest number of units, totaling 84,150 units, indicating 

intensive operational activities or major projects that require substantial inventory 
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consumption. This cluster plays a critical role in inventory expenditure management 

planning during the observed period. From a managerial perspective, items within this 

cluster should be prioritized in procurement planning, budget allocation, and stock 

monitoring to prevent shortages and operational disruptions. 

2) Cluster 1 (Medium) demonstrates a moderate and stable level of inventory expenditure 

management planning, primarily associated with routine operational activities without 

additional or exceptional demand. Managerially, this cluster requires balanced stock 

control and periodic evaluation to maintain supply stability while avoiding 

overstocking. 

3) Cluster 2 (Low) reflects the lowest level of inventory expenditure management 

planning, indicating minimal operational demand and limited inventory utilization 

during the period of analysis. Items in this cluster should be carefully reviewed to 

optimize storage costs and prevent unnecessary budget allocation, potentially through 

reduced procurement frequency or inventory rationalization strategies. 

Overall, categorizing inventory expenditures into High, Medium, and Low clusters 

establishes an analytical basis for enhancing procurement strategies and optimizing budget 

utilization in public sector organizations. By distinguishing high-priority items (Cluster 0), 

ensuring controlled management of routine items (Cluster 1), and streamlining low-

demand items (Cluster 2), policymakers can distribute resources more effectively while 

reducing the likelihood of stockouts or excess inventory. This cluster-oriented approach 

fosters greater transparency, accountability, and data-driven decision-making in inventory 

management, particularly within government institutions where fiscal planning and 

operational sustainability are essential. 

4. CONCLUSION 

 This study concludes that the implementation of K-Means Clustering with K-

Means++ successfully classified 93 inventory expenditure records at BKPSDM of Kudus 

Regency based on quantity and total expenditure variables. The evaluation findings suggest 

a well-structured clustering model characterized by clear separation between the High, 

Medium, and Low expenditure categories. 

 The findings provide measurable evidence that the K-Means++ initialization 

improves clustering stability and reduces the risk of suboptimal centroid selection 

compared to standard K-Means. The resulting clusters offer actionable insights for 

prioritizing procurement planning, optimizing budget allocation, and controlling inventory 

levels more systematically. 

 Scientifically, this research contributes by integrating the K-Means++ algorithm 

within the CRISP-DM framework and implementing it into a web-based decision-support 

system tailored to a government institution context. This integration demonstrates the 
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practical applicability of data mining techniques in enhancing transparency, efficiency, and 

evidence-based inventory management in the public sector. 
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