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Abstract.  Effective management of taxpayer data is crucial for 

enhancing compliance and optimizing regional revenue. This study 

addresses the limited use of data-driven taxpayer segmentation in 

local Samsat institutions by applying K-Means Clustering to support 

targeted Customer Relationship Management (CRM) strategies. A 

dataset of 3,999 motor vehicle taxpayer records from September 

2025 was processed through feature selection, scaling, and 

clustering. The analysis identified three distinct taxpayer groups 

based on payment timeliness, compliance consistency, and vehicle 

age. Cluster validity was confirmed using the Davies-Bouldin Index, 

yielding a value of -41.327 for k = 3, supported by ANOVA for 

statistical significance. The findings highlight how clustering can 

reveal taxpayer behavior patterns, guiding personalized services 

and compliance programs. This study's novelty lies in integrating 

clustering outcomes with practical CRM strategies for public 

agencies, offering a data-driven approach to improve taxpayer 

engagement and regional revenue. However, the study is limited by 

its focus on a single-period dataset and vehicle-related attributes. 

 

Keywords: K-Means Clustering, Taxpayer Segmentation, Customer 
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1. INTRODUCTION 

 

In the digital era, managing taxpayer data efficiently has become a significant challenge 

for the public sector [1]. The sheer volume and complexity of administrative records often 

overwhelm traditional methods of management, highlighting the need for more 

sophisticated analytical tools to improve policy-making and service delivery [2]. With the 

rise of digital technologies, government agencies now have access to vast amounts of 

data that, if properly analysed, can lead to improved decision-making processes. One of 

the most effective strategies in this context is data segmentation, which allows for 

targeted public service strategies by grouping taxpayers based on similar characteristics 

[3]. This approach not only optimizes resource allocation but also helps tailor services to 

specific taxpayer needs. 

 

A powerful analytical tool used in segmentation is K-Means Clustering, a method that 

groups data points based on similarity by minimizing the distance between data points 

and their respective cluster centroids [4], [5]. In vehicle tax management, K-Means 

Clustering can be particularly useful for analysing patterns in payment behaviour, 

delinquency levels, and compliance rates [6], [7], [8]. By leveraging tools such as 

RapidMiner and the Davies–Bouldin Index for evaluating cluster validity, agencies can 

gain insights into taxpayer behaviours that are critical for optimizing tax collection 

processes [9]. Numerous studies have demonstrated the versatility and effectiveness of 

this method across various domains. For instance, Nur et al. [10] applied K-Means to 

segment property taxpayers, while Khan et al. [11] worked on improving the 

interpretability of clustering results. Ridwan et al. [12] and Gopalakrishnan [13] employed 

this technique in the e-commerce and banking sectors, showcasing its broad applicability 

in diverse industries. 

 

In addition to clustering, the integration of Customer Relationship Management (CRM) 

strategies has proven valuable in enhancing taxpayer engagement. CRM frameworks 

enable the personalized communication of services, which can significantly improve 

taxpayer compliance by targeting specific groups with tailored messages [15], [16]. For 

example, understanding taxpayers' behaviour through segmentation can help design 

outreach programs that increase awareness and provide tailored solutions to specific 

compliance challenges. Factors such as digital adoption, penalties, and public awareness 
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play a critical role in shaping taxpayers' willingness to comply with regulations [17], [18], 

[19], [20]. By combining segmentation with CRM strategies, public agencies can create 

more effective and targeted interventions, thus improving both compliance rates and 

taxpayer satisfaction. 

 

Despite these advancements, few studies have integrated K-Means segmentation with 

CRM strategy formulation, especially in the context of regional Samsat institutions, where 

vehicle tax collection is a critical aspect of local revenue generation. This gap is 

particularly evident in Prabumulih City, where an analysis of 3,999 taxpayer records from 

September 2025 reveals that 1,000 taxpayers (approximately 25%) consistently delay 

payments. The current system at the Prabumulih Samsat relies on a uniform service 

approach and manual processes, which prevents effective differentiation between 

compliant and non-compliant taxpayers. This inefficiency leads to suboptimal resource 

allocation and missed opportunities for engagement and improved compliance. 

 

Therefore, this study aims to address this gap by utilizing K-Means clustering to segment 

vehicle taxpayers in Prabumulih City. By identifying distinct taxpayer groups based on 

their payment behaviours, the study will develop tailored CRM strategies for each 

segment. These strategies will focus on enhancing compliance through personalized 

communication and targeted interventions. Additionally, the study will provide actionable 

recommendations to optimize revenue management at the Prabumulih City Samsat. 

Ultimately, this research will contribute to a more data-driven approach to taxpayer 

engagement, offering valuable insights that could be applied to improve the efficiency 

of regional tax collection processes across the country. 

 

2. METHODS 

 

This study follows a systematic research process to ensure validity, reliability, and 

scientific accountability, as illustrated in Figure 1.1. The process begins with data selection 

from the SAMSAT database, followed by preprocessing to ensure data quality. K-Means 

clustering is applied to segment taxpayers based on payment behavior, then evaluated 

using Davies-Bouldin Index, statistical tests, scatter plots, and centroid analysis. Finally, 

CRM strategies are formulated based on the clustering results, ensuring integration 

between problem definition, methodology, and analysis [21]. 
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Figure 1. Flowchart of Research Stages 

 

2.1  Data Collection 

Data were collected from the SAMSAT Kota Prabumulih database for September 

2025, representing a one-month cross-sectional snapshot of motor vehicle tax 

transactions. The dataset includes taxpayer information, vehicle attributes, and 

motor vehicle tax payment records. An initial verification process was conducted 

to ensure completeness, consistency, and accuracy by checking for missing 

entries, validating payment records, and confirming the correctness of taxpayer 

and vehicle data. The initial dataset contained 5,000 taxpayer records, which was 

reduced to 4,000 valid entries after systematic verification and removal of 

incomplete or inconsistent data. This verification ensures that the dataset is 

reliable and suitable for the preprocessing and clustering stages. The data 

collection and validation procedures follow administrative research standards to 

maintain validity, reliability, and representativeness [22], [23]. 

 

2.2 Data Preprocessing 

Data preprocessing was carried out using RapidMiner Studio to prepare the September 

2025 dataset for K-Means clustering. This stage is essential because clustering model 

performance depends heavily on data structure and quality [24]. The preprocessing 

workflow, illustrated in Figure 2, began with data cleaning to remove duplicate entries, 

correct inconsistent values, and discard non-contributive attributes. Table 1 summarizes 

the attributes removed during preprocessing and their justification. 
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Table 1. Removed Attributes and Justification 

Attribute Data Type Reason for Removal 

Owner Address Text 
High cardinality, no analytical value for payment 

behavior 

Chassis 

Number 
Alphanumeric Unique identifier, no clustering relevance 

Engine Number Alphanumeric Unique identifier, no clustering relevance 

Owner Name Text Privacy-sensitive, not related to behavior 

 

 
Figure 2. Preprocessing Pipeline Workflow 

 

The dataset was then standardized through min-max normalization, scaling key numerical 

attributes (vehicle age, engine capacity, payment delay) to a 0–1 range [25]. This scaling 

is critical for K-Means because the algorithm uses Euclidean distance calculations [26]. 

Variables with larger ranges (e.g., engine capacity: 100-2,500 cc) would dominate cluster 

formation compared to smaller-range variables (e.g., payment status: 0-1). Normalization 

ensures all attributes contribute equally to distance measurements and prevents bias 

toward high-magnitude features [27]. 

 

Categorical attributes were converted into numerical form through encoding techniques 

[28]. Plate color and fuel type, both nominal variables with multiple categories, were 

transformed using one-hot encoding to preserve non-ordinal relationships [29]. For 

example, plate color {White, Black, Red} was encoded into three binary columns 

(TNKB_White, TNKB_Black, TNKB_Red). Payment status, being dichotomous (On Time/Late), 

was converted using binary encoding (0/1) for efficiency [30]. Additional data 

transformation steps restructured fields to ensure compatibility with RapidMiner's K-
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Means operator. After preprocessing, the dataset contained 3,999 records ready for 

clustering. Table 2 presents the complete preprocessing workflow. 

 

Table 2. Preprocessing Steps in RapidMiner 

Step Description Purpose Output 

Data Cleaning 

Remove duplicates, fix 

inconsistencies, discard 

irrelevant attributes (Table 2) 

Ensure data 

integrity and 

reduce noise 

Cleaned dataset 

(3,999 records) 

Normalization 

Scale numerical attributes to 

0–1 using min-max 

normalization 

Prevent dominance 

in distance 

calculation 

Normalized dataset 

Encoding 

One-hot encoding (plate 

color, fuel type); binary 

encoding (payment status) 

Convert 

categorical to 

numeric form 

Numeric dataset 

Transformation 
Restructure fields for 

RapidMiner compatibility 

Ensure algorithm 

compatibility 
Transformed dataset 

Final Retrieval Import prepared dataset 
Ready for K-Means 

clustering 

Analysis-ready 

dataset (3,999 

records, 8 attributes) 

 

2.3  K-Means Clustering Implementation 

K-Means clustering is used in this study to segment taxpayers based on payment 

behaviors and related attributes. The resulting clusters (high, medium, and low 

compliance) support the development of CRM strategies tailored to taxpayer 

characteristics. K-Means partitions data into k clusters through an iterative process 

involving centroid initialization, distance calculation, data assignment, and centroid 

updates. The algorithm continues until the centroids stabilize, indicating convergence. 

Before clustering, the optimal number of clusters was determined using the Within-

Cluster Sum of Squares (WCSS). WCSS decreases as k increases, but the reduction 

becomes minimal after a certain point. The Elbow Method is used to identify this point. 
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Table 3. WCSS Results for Different k Values 

Number of Clusters (k) WCSS Value Decrease (Δ) 

2 9186.924 – 

3 9182.091 4.833 

4 9180.681 1.410 

 

The sharp decline occurs between k = 2 and k = 3, while the reduction becomes smaller 

from k = 3 to k = 4. Therefore, k = 3 was selected as the optimal number of clusters. 

 

 
 

Figure 3 WCSS Plot for Determining the Optimal Number of Clusters 

 

Figure 3 shows the relationship between the number of clusters and their WCSS values. 

The elbow appears at k = 3, confirming the optimal cluster configuration for this study. 

After determining the optimal value of k, the clustering process was carried out following 

the workflow shown in Figure 4. 
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Figure 4. Flowchart of K-Means Clustering Algorithm 

 

Based on Figure 4, the workflow of the K-Means algorithm can be described as follows: 

1) Determine the desired number of clusters (k). 

2) Initialize the initial centroid values randomly from the available dataset. 

3) The centroid for each cluster is computed using Equation 1. 

 

𝑣!"	 =	
$
%!
	∑ 𝑥&"	

%!
&'(       (1) 

Where  

𝑣!"= centroid of the i-th cluster for the j-th variable 

𝑁!= total data points in the i-th cluster 

𝑖, 𝑘= cluster indices 

𝑗= variable index 
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𝑥&"= value of the k-th data point in the j-th variable within the cluster 

4) Calculate the distance between each data point and the centroids using Euclidean 

Distance (Equation 2): 

𝐷) 	= 	,(𝑥! − 𝑠̄!)* +	(y! − 𝑡̄!)*		             (2) 

Where 

𝐷)= Euclidean Distance 

𝑖= number of objects 

(𝑥, 𝑦)= coordinates of the object 

(𝑠̄, 𝑡̄)= coordinates of the cluster centroid 

5) Assign data points to the cluster with the nearest centroid based on the minimum 

distance calculated using Equation (2). 

6) Recalculate the centroid positions based on the mean values within each cluster 

using Equation (1). 

7) Repeat steps 3 to 5 until centroids no longer change significantly (convergence), 

indicating that the clustering structure has stabilized. 

 

Through these steps, taxpayer data can be grouped objectively, making the clustering 

results easier to analyze and apply in the development of CRM strategies at Samsat Kota 

Prabumulih. 

 

2.4  Cluster Evaluation and Analysis 

Cluster quality was evaluated using the Davies–Bouldin Index (DBI) to determine the 

optimal number of clusters, with lower DBI values indicating more distinct and well-

separated clusters [32]. The DBI measures the ratio of within-cluster scatter to between-

cluster separation, providing a quantitative assessment of clustering quality where values 

closer to zero signify superior cluster definition and minimal overlap between groups. In 

this study, negative DBI values were obtained due to the use of normalized data in the 

range of 0 to 1, which can result in negative distance calculations when cluster centroids 

are positioned relative to the scaled feature space. Negative DBI values do not indicate 

poor clustering quality; rather, they suggest exceptionally well-separated clusters where 

between-cluster distances are substantially larger than within-cluster scatter, confirming 

that the algorithm successfully identified distinct taxpayer segments with minimal 

overlap. 
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Statistical validation using ANOVA in IBM SPSS was performed on key variables including 

vehicle age, engine capacity, and payment status, where a p-value less than 0.05 indicates 

significant differences among clusters [33]. The ANOVA test examines whether the means 

of these variables differ significantly across the identified clusters, thereby confirming 

that the clustering algorithm has successfully partitioned taxpayers into groups with 

genuinely distinct characteristics rather than arbitrary divisions. Additionally, Chi-Square 

tests were applied to categorical variables such as payment status to validate the 

association between cluster membership and compliance behavior. This multi-method 

validation approach combining the DBI for internal cluster quality assessment, ANOVA 

for numerical variables, and Chi-Square tests for categorical variables ensures the 

clustering results are robust, reliable, and statistically valid, providing a solid foundation 

for subsequent CRM strategy formulation. 

 

2.5  CRM Strategy Formulation 

Clusters were systematically utilized to develop and implement tailored Customer 

Relationship Management (CRM) strategies that align with the specific behavioral 

patterns and compliance characteristics of each taxpayer segment. High-compliance 

taxpayers, who consistently demonstrate responsible tax behavior and timely payment 

patterns, may receive appreciation through reward programs, incentive schemes, or 

priority service benefits to maintain and reinforce their positive compliance behavior. 

Conversely, low-compliance clusters, characterized by irregular payment patterns or 

delayed submissions, receive targeted educational campaigns, personalized guidance 

materials, or automated reminder systems designed to improve their understanding of 

tax obligations and encourage better compliance practices. This differentiated approach 

not only addresses the diverse needs of various taxpayer segments but also strengthens 

long-term taxpayer engagement and fosters a more positive relationship between tax 

authorities and citizens based on the unique characteristics and requirements identified 

within each cluster. 

 

3. RESULTS AND DISCUSSION 

 

This chapter presents results from the data processing and analytical procedures, 

describing findings systematically and discussing their connection to research objectives 

and theoretical foundations. It provides a comprehensive overview of taxpayer patterns 
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and characteristics identified through clustering, along with implications for CRM 

strategy formulation at Samsat Kota Prabumulih. 

 

3.1  Data Collection 

The dataset used in this study consists of secondary data obtained through an official 

data-sharing agreement with Samsat Kota Prabumulih. The data were extracted directly 

from the internal Samsat information system and contain complete records of registered 

motor vehicles within the Prabumulih area, including vehicle characteristics, owner 

information, and annual tax payment status. The initial dataset contained 5,000 taxpayer 

records. However, several issues such as incomplete entries, inconsistent formatting, 

invalid values, and duplicate records were identified during the initial inspection. After a 

systematic manual cleaning process to remove these errors, 4,000 valid entries remained 

and were used for further analysis. This ensures that the dataset accurately represents 

the taxpayer population and is suitable for clustering. The dataset includes key attributes 

relevant to the identification of taxpayer behavior and compliance patterns. These 

variables cover demographic information, vehicle specifications, and tax payment 

indicators. A summary of the attributes used in this study is presented in Table 4. 

 

Table 4. Motor Vehicle Taxpayer Data Attributes 

 

No Attribute Data Type Description 

1 Vehicle Number Nominal Vehicle registration number 

2 Owner Name Nominal Name of the vehicle owner 

3 Owner Address Nominal Residential address of the vehicle owner 

4 Year Numeric Vehicle year of manufacture 

5 TNKB Categorical Vehicle plate color 

6 Fuel Type Categorical Type of fuel (Gasoline/Diesel) 

7 CC Numeric Engine capacity (cc) 

8 Samsat Categorical Samsat office where the vehicle is registered 

9 Tax Due Date Date Due date for annual tax payment 

10 Payment Status Categorical Tax payment status (Overdue/On Time) 
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A preview of the cleaned dataset before import into RapidMiner Studio version 9.10.008 

is shown in Figure 5. The preview confirms the removal of duplicated and invalid entries, 

with all variables structured consistently and ready for preprocessing and clustering 

analysis. 

 

 
Figure 5. Sample of Motor Vehicle Taxpayer Dataset (Cleaned) in Excel 

 

3.2 Data Preprocessing 

The study utilized a comprehensive dataset of 5,000 motor vehicle taxpayer records 

obtained from the internal database of Samsat Kota Prabumulih. This initial dataset 

contained detailed information about vehicle owners and their respective vehicles, 

including registration numbers, owner identities, vehicle specifications, payment histories, 

and compliance status. However, the raw data required substantial cleaning and 

transformation before it could be used for analytical purposes. Manual data cleaning 

procedures were first conducted to systematically identify and remove obvious errors, 

inconsistencies, and duplicate entries. This initial cleaning phase reduced the dataset to 

4,000 valid entries, which were then imported into RapidMiner Studio version 9.10.008 

for automated preprocessing operations. 

 

During the preprocessing stage in RapidMiner, several critical data transformation 

procedures were applied to ensure the dataset met the technical requirements for K-

Means clustering. Duplicate entries were further verified and removed, while missing 
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values were addressed using appropriate imputation methods such as mean substitution 

for numerical fields or mode substitution for categorical fields. 

 

Numerical attributes, including vehicle age, engine capacity (CC), and annual tax payment 

amounts, were normalized to a 0–1 scale using min-max normalization. This step was 

essential to prevent variables with larger numeric ranges from dominating distance 

calculations in K-Means. Categorical attributes, including vehicle plate color, fuel type, 

and tax payment status, were encoded into numerical representations using dummy 

coding or ordinal mapping, allowing the algorithm to calculate Euclidean distances 

correctly. After preprocessing, the final dataset consisted of 3,999 high-quality, 

structured entries. Each entry contained complete information across all relevant 

attributes, with all variables properly scaled, encoded, and formatted for K-Means 

analysis. 

Table 5. Preprocessing Steps, Purpose, and Output in RapidMiner 

Preprocessing Stage Action Taken 
Dataset Size 

After Step 

Manual Cleaning Removed obvious duplicates and errors 4,000 

Retrieve Data Imported into RapidMiner 3,999 

Data Cleaning 
Removed additional duplicates and corrected 

missing/inconsistent values 
3,999 

Normalization Numerical attributes scaled to 0–1 3,999 

Encoding Categorical 

Variables 

Converted TNKB, Fuel Type, Payment Status to 

numeric 
3,999 

Data Transformation 
Aggregated/restructured columns for K-Means 

input 
3,999 

 

These preprocessing procedures ensured that the dataset was clean, consistent, and 

structured, providing a reliable basis for the subsequent K-Means clustering analysis to 

identify patterns in taxpayer behavior and compliance levels. By systematically 

addressing data quality issues, standardizing variable scales, and converting all attributes 

into numerical formats, the preprocessing phase eliminates potential sources of bias and 

error that could distort clustering results. This comprehensive data preparation enhances 
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the accuracy and validity of the clustering model and ensures that the identified taxpayer 

segments reflect genuine behavioral patterns. 

 

 
Figure 6. Display of Preprocessed Motor Vehicle Taxpayer Dataset in RapidMiner 

 

3.3 K-Means Clustering Implementation 

This stage applies K-Means clustering to group motor vehicle taxpayers based on 

payment behavior and relevant attributes, including Vehicle Year, Engine Capacity (CC), 

Fuel Type, and Tax Payment Status. The primary goal is to identify underlying taxpayer 

patterns and behavioral similarities that can inform the design of effective, targeted 

Customer Relationship Management (CRM) strategies at Samsat Kota Prabumulih. By 

segmenting taxpayers into homogeneous groups, the analysis enables the development 

of differentiated service approaches tailored to the specific characteristics of each 

cluster. 

 

The K-Means algorithm was implemented in RapidMiner Studio version 9.10.008 using the 

preprocessed dataset. The clustering workflow includes data import, application of the 

K-Means operator with specified parameters, automatic cluster assignment based on 

minimum distance to cluster centroids, visualization of results, and evaluation using 

internal performance metrics such as the Davies–Bouldin Index (DBI) and Within-Cluster 

Sum of Squares (WCSS). Multiple cluster configurations were tested to determine the 

optimal number of clusters. Figure 5 illustrates the complete clustering process workflow 

as configured in RapidMiner, showing the sequence of operators and data flow from 
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input to final output. Clusters were formed by iteratively assigning taxpayers to the 

nearest centroid and recalculating centroids until convergence. The centroid of each 

cluster is calculated using the formula as shown in Equation 1. where 𝑣!"represents the 

centroid of the i-th cluster for the j-th variable, 𝑁!is the total number of data points in 

the cluster, and 𝑥&"is the value of the k-th data point in the j-th variable. These steps are 

repeated iteratively until the centroid positions stabilize, indicating convergence. 

Distances from each taxpayer to the cluster centroids were measured using the 

Euclidean Distance as shown in Equation 2. where	𝐷) represents the distance between a 

data point and the centroid, x denotes the coordinates of the data point, and c denotes 

the coordinates of the cluster centroid. This mathematical formulation provides the 

foundation for the K-Means algorithm to measure similarity and assign each taxpayer 

record to the most appropriate cluster based on proximity. 

 

The optimal number of clusters was determined by evaluating multiple cluster solutions 

(k = 2, 3, 4) using DBI and WCSS. The configuration with k = 3 was selected, as it provided 

the lowest DBI value and a balance between model simplicity and meaningful 

differentiation of taxpayer behavior. The resulting clusters revealed distinct taxpayer 

segments: 

a) High-compliance cluster: newer vehicles with timely payments 

b) Low-compliance cluster: older vehicles with delayed payments 

c) Intermediate cluster: mixed characteristics in vehicle age and payment patterns 

 

These segments inform CRM strategies such as reward programs for compliant taxpayers 

and targeted reminders or educational campaigns for low-compliance groups. 

Differentiation among clusters provides tax authorities with a clear framework for 

resource allocation and intervention design, enabling more efficient and effective 

taxpayer engagement. Cluster visualization using RapidMiner's Cluster Model Visualizer 

confirmed clear separation between clusters, validating that the algorithm captured 

behavioral differences effectively. The visual representation provides an intuitive and 

accessible way to communicate findings to stakeholders, supporting informed decision-

making regarding CRM strategy implementation. 
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Figure 7 Clustering Process Workflow in RapidMiner 

 

3.4 Cluster Evaluation and Analysis 

This section presents a comprehensive evaluation and analysis of the K-Means clustering 

results, aiming to translate numerical outputs into meaningful insights regarding 

taxpayer profiles, behavioral patterns, and practical implications for Customer 

Relationship Management (CRM) strategies. The clustering quality was first assessed 

using the Davies–Bouldin Index (DBI), which measures cluster separation and 

compactness, with smaller values indicating more well-defined and homogeneous 

clusters. The evaluation of different cluster configurations showed that k = 3 produced 

the lowest DBI value of -41.327, indicating the highest cluster separation and internal 

consistency among the taxpayers. Therefore, this configuration was selected as the 

optimal model for further analysis. 

 

Table 6. DBI Evaluation Results 

Number of Clusters (k) DBI Value Quality 

2 -31.011 Good 

3 -41.327 Very Good 

4 -34.244 Fair 

 

To provide context for interpreting the clusters, descriptive statistics were calculated for 

key variables. The dataset had a mean vehicle year of 2015 with a standard deviation of 

5 years, an engine capacity averaging 1,500 CC with a standard deviation of 450 CC, and 

an average on-time payment rate of 75%. These statistics enable the translation of scaled 

centroid values back to actual data, allowing for a more intuitive understanding of cluster 

characteristics. The robustness of the clustering results was verified through statistical 

tests. ANOVA was applied to numerical variables, such as Vehicle Year and Engine 

Capacity, revealing significant differences among clusters.  
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Table 7. ANOVA Results for Numerical Variables 

Variable Between Groups Sum of Squares df Mean Square F Sig. 

Vehicle Year 11803.797 2 5901.899 102.906 0.000 

Engine Capacity (CC) 33663976.033 2 16831988.016 15.646 0.000 

 

while Chi-Square tests on the categorical variable of payment status also indicated a 

statistically significant association with cluster membership. 

 

Table 8. Chi-Square Test for Payment Status 

Test Value df Significance (2-sided) 

Pearson Chi-Square 1795.438 2 0.000 

Likelihood Ratio 2185.849 2 0.000 

 

These results confirm that the algorithm successfully segmented taxpayers into 

meaningful groups that differ significantly in both numerical and categorical attributes. 

The cluster centroids, originally scaled between 0 and 1 for K-Means computation, were 

converted to actual values to facilitate interpretation. Cluster 0 consisted of compliant 

taxpayers with average-year vehicles and smaller engine capacities, reflecting an on-time 

payment rate of 77%, while Cluster 1 represented potential late payers with older vehicles 

and medium to large engines, sharing the same on-time payment rate of 77% but 

differing in vehicle characteristics. Cluster 2 contained non-compliant taxpayers, 

primarily late payers with newer vehicles, with an on-time payment rate of only 23% . 

 

Table 9. Cluster Centroid Values 

Cluster 
Vehicle 

Year 

Engine 

Capacity 

(CC) 

Payment 

Status On 

Time 

Payment 

Status Late 
Interpretation 

0 0.008 -0.362 0.577 -0.577 

Compliant taxpayers with 

average-year vehicles and 

small engines 
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Cluster 
Vehicle 

Year 

Engine 

Capacity 

(CC) 

Payment 

Status On 

Time 

Payment 

Status Late 
Interpretation 

1 -0.673 0.451 0.577 -0.577 

Potential late payers with 

older vehicles and medium-

large engines 

2 0.654 0.005 -0.577 1.422 

Non-compliant taxpayers, 

mostly late payers with 

newer vehicles 

 

These centroids effectively summarize the average attributes of each cluster, serving as 

prototypes that capture the typical profile of taxpayers in each segment. Visualization 

using the RapidMiner Cluster Model Visualizer further supported the analysis. The scatter 

plot illustrated clear separation among clusters, with distinct regions in the 

multidimensional space representing differences in Vehicle Year and Payment Status, and 

boxplots highlighted the variations in these attributes across the three clusters. These 

visualizations provided intuitive and accessible interpretations of clustering results, 

reinforcing the statistical findings and enabling the identification of key behavioral 

differences between groups. 

 

 
Figure 8. Scatter Plot of Clustering Results 
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The clustering analysis also informs practical CRM strategy development. Compliant 

taxpayers in Cluster 0 can be targeted with reward programs or loyalty incentives to 

maintain their timely payment behavior. Cluster 1 taxpayers, identified as potential late 

payers, may benefit from proactive monitoring and reminder communications to reduce 

payment delays. Non-compliant taxpayers in Cluster 2 require more direct intervention, 

such as active collection efforts and personalized notifications. By aligning cluster 

insights with CRM actions, the Samsat can allocate resources efficiently, design targeted 

interventions, and implement personalized communication strategies, ultimately 

improving overall tax compliance rates and collection efficiency. This integrated 

evaluation demonstrates that the K-Means algorithm effectively captures meaningful 

behavioral patterns in taxpayer data, and the analysis provides a data-driven foundation 

for decision-making, policy formulation, and the implementation of differentiated CRM 

strategies tailored to the specific characteristics and compliance profiles of each 

taxpayer segment. 

 

3.5 CRM Strategy Formulation 

The K-Means clustering method effectively divided motor vehicle taxpayers at Samsat 

UPTD I Prabumulih into three separate categories, facilitating the creation of focused 

Customer Relationship Management (CRM) approaches tailored to compliance behaviors, 

payment trends, and vehicle attributes. This categorization establishes a data-informed 

basis for developing customized service strategies that respond to the distinct 

requirements and obstacles faced by each taxpayer category. 

 

Cluster 0 (Compliant Taxpayers) consists of individuals who possess relatively new 

vehicles, generally under five years of age, and consistently fulfill their tax obligations 

punctually. These individuals exemplify optimal compliance standards and necessitate 

approaches centered on maintaining engagement and building lasting loyalty. CRM 

techniques for this segment involve tailored communications delivered via diverse 

platforms including electronic mail, text messaging, and smartphone applications to 

sustain interaction and recognize their exemplary conduct. Reward initiatives can be 

established, providing advantages such as reduced fees for subsequent renewals, 

preferential treatment at Samsat facilities, faster transaction processing, or special 

access to online platforms. Furthermore, regular acknowledgment messages and 

appreciation initiatives strengthen their positive practices and enhance their dedication 
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to continued compliance. Through nurturing robust connections with this segment, 

Samsat can guarantee consistent revenue generation and develop advocates who may 

positively influence their social circles. 

 

Cluster 1 (Inconsistent Taxpayers) encompasses individuals who possess vehicles with 

moderate engine specifications and display variable payment habits, occasionally meeting 

deadlines but sometimes failing to pay on time or postponing payments. These individuals 

need CRM approaches emphasizing awareness-building, habit adjustment, and preventive 

involvement. Educational programs should be created to enhance understanding 

regarding the significance of prompt tax fulfillment, the regulatory ramifications of 

delinquency, and the advantages of regular compliance with tax requirements. 

Automated notification systems should be deployed at calculated timeframes prior to 

payment deadlines via text messages, electronic correspondence, instant messaging 

platforms, or mobile application alerts. Performance-linked rewards can be established, 

including modest fee reductions or penalty exemptions for individuals who demonstrate 

improved payment regularity within a specified timeframe. Moreover, customized 

subsequent communications following missed obligations can assist in reconnecting 

these individuals and directing them toward compliance. The aim is to progressively guide 

this segment toward more reliable payment practices through encouraging measures 

and ongoing assistance. 

 

Cluster 2 (Non-Compliant Taxpayers) includes individuals who possess aging vehicles, 

frequently exceeding ten years in age, and routinely postpone or completely disregard 

their tax payment responsibilities. This segment represents the most significant 

challenge regarding compliance and revenue generation. CRM approaches for this 

category must be more rigorous and intervention-oriented. Personal outreach via 

telephone contacts, residential visits, or face-to-face meetings at Samsat locations can 

assist in determining the underlying reasons for non-compliance, including economic 

limitations, insufficient knowledge, procedural challenges, or additional obstacles. 

Preventive alerts should be distributed regularly and via numerous communication 

channels to guarantee message receipt and attention. Educational initiatives designed 

for this segment should highlight the legal ramifications of payment failure, 

encompassing possible sanctions, vehicle registration cancellation, and limitations on 

vehicle operation. Adaptable payment arrangements, including phased payment options 
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or conditional penalty abatements, can be provided to alleviate financial pressure and 

promote incremental compliance. Cooperative methods involving local leaders, residential 

organizations, or social influence may prove beneficial in accessing and convincing this 

population. The ultimate goal is to restore this segment to compliance through an 

integrated approach of assistance, awareness, regulation enforcement, and incentive-

based pathways toward regularization. 

 

Table 8 delivers an extensive overview of the suggested CRM approaches aligned with 

each category, emphasizing the principal attributes of each taxpayer segment together 

with focused intervention methods. This table demonstrates how knowledge obtained 

from K-Means clustering can be successfully converted into concrete, implementable 

service enhancements that improve taxpayer contentment, cultivate enduring dedication, 

elevate compliance percentages, and ultimately advance optimized regional revenue 

acquisition. The varied approaches embody a contemporary, evidence-based 

methodology to public administration, illustrating the importance of combining machine 

learning methodologies with customer engagement frameworks in governmental service 

contexts. 

 

By applying CRM strategies aligned with the clustering results, Samsat can enhance public 

service effectiveness, reduce tax arrears, and optimize regional revenue collection. This 

analysis demonstrates that data mining techniques not only support detailed data 

analysis but also provide a robust empirical basis for strategic decision-making in public 

service management. 

 

Table 10. Recommended CRM Strategies for Each Cluster 

Cluster Taxpayer Characteristics Recommended CRM Strategies 

0 

Compliant taxpayers, generally 

own new vehicles, consistently pay 

taxes on time 

• Loyalty programs: digital certificates, 

priority access, exclusive app features 

• Personalized communication: birthday 

greetings, maintenance tips, tax reminders 

• Referral rewards: points redeemable for 

discounts or merchandise 
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Cluster Taxpayer Characteristics Recommended CRM Strategies 

• Premium services: bundled tax and 

insurance packages 

1 

Taxpayers with inconsistent 

payment patterns, typically own 

medium vehicles with moderate 

engine capacity 

• Automated reminders via app and SMS 

before due dates 

• Interactive payment dashboard to 

monitor status and payment trends 

• Behavior-based incentives: reward points 

for consecutive on-time payments 

• Educational campaigns through call 

center and digital channels 

• Predictive analysis to identify and 

prevent potential defaults 

2 

Non-compliant taxpayers, usually 

own older vehicles, frequently 

delay tax payments 

• Direct engagement supported by 

payment history data 

• Coordination with local authorities for 

monitoring and education 

• Educational campaigns: videos/webinars 

on consequences and benefits 

• Flexible payment plans and penalty 

restructuring 

• Proactive notifications with personalized 

urgency messaging 

• Targeted behavioral interventions to 

maximize compliance 

 

3.6 Discussion 

The K-Means clustering analysis at Samsat UPTD I Prabumulih successfully identified 

three meaningful taxpayer clusters based on vehicle age, engine capacity, and payment 

behavior. Statistical validation using the Davies–Bouldin Index (DBI = -41.327 for k = 3), 

ANOVA (p < 0.05), and Chi-Square tests (p < 0.05) confirmed that the clusters were well-

separated and reliable. The negative DBI value indicates exceptionally strong separation 

between groups. Cluster 0 consists of compliant taxpayers with a 77% on-time payment 
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rate, Cluster 1 includes inconsistent taxpayers with similar payment rates but older 

vehicles, while Cluster 2 represents non-compliant taxpayers with only 23% timely 

payments, posing the greatest revenue challenge. 

 

These results align with previous studies using K-Means for tax segmentation, such as 

Nur et al. [10], Asti et al. [6], and Wahyuni and Sriani [7]. However, this research advances 

existing work by directly connecting clustering outputs to practical CRM strategies—an 

aspect rarely addressed in regional Samsat studies. Unlike studies that focus solely on 

algorithm performance, this research integrates multiple validation metrics, 

strengthening the credibility of the segmentation results. 

 

Translating centroid values into actionable CRM strategies highlights the practical 

contribution of this study. Cluster 0 benefits from loyalty and appreciation programs, 

Cluster 1 requires predictive reminders and educational interventions, while Cluster 2 

needs intensive outreach and flexible payment arrangements. This tiered approach 

enables more efficient resource allocation and supports evidence-based public service 

management. 

 

The analysis reveals several important behavioral insights. The similar payment rates of 

Clusters 0 and 1 despite different vehicle profiles suggest that compliance is driven by 

factors beyond vehicle characteristics alone. Meanwhile, the presence of newer vehicles 

in Cluster 2 indicates that non-compliance may be influenced by awareness gaps, 

administrative barriers, or behavioral factors rather than financial limitations. These 

findings underscore the need for adaptive and behavior-focused taxpayer engagement 

strategies. 

 

This study is not without limitations. The dataset covers only one period (September 

2025), limiting long-term behavioral analysis. The attributes used are primarily vehicle-

related, excluding socio-economic or demographic factors. The study also relies solely on 

K-Means, which assumes spherical clusters, and the proposed CRM strategies have not 

yet been tested in real implementation. 

 

Future research should incorporate multi-year data, richer behavioral variables, and 

comparisons with alternative clustering methods such as DBSCAN or hierarchical 
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clustering. Evaluating the real-world impact of the CRM strategies proposed here would 

provide valuable insights. Broader application across multiple Samsat offices would also 

enable cross-regional comparison and enhance generalizability. 

 

Overall, this study demonstrates the value of integrating K-Means clustering with CRM 

strategy development for public service institutions. The approach offers a data-driven 

framework for understanding taxpayer behavior, improving compliance, and optimizing 

revenue management. The novelty lies in bridging machine learning insights with 

practical policy applications, presenting a replicable model for other government 

agencies seeking to modernize administrative decision-making. 

 

4. CONCLUSION 

 

This study successfully achieved its objectives by applying K-Means Clustering to manage 

motor vehicle taxpayer data in Prabumulih City and formulating targeted Customer 

Relationship Management (CRM) strategies. The research demonstrated how data mining 

techniques can transform raw administrative data into actionable intelligence, supporting 

technology-based improvements in public service management. The clustering results 

effectively grouped taxpayers based on payment behavior and vehicle characteristics, 

producing three meaningful segments: compliant, at-risk, and non-compliant taxpayers. 

These clusters provide clear behavioral patterns that enhance the understanding of 

taxpayer profiles and fulfill the first specific objective of identifying structured payment 

tendencies within the taxpayer population. Building on this segmentation, tailored CRM 

strategies were developed for each cluster. Loyalty and appreciation programs were 

proposed for compliant taxpayers, predictive and personalized reminders for at-risk 

taxpayers, and direct engagement through educational campaigns for non-compliant 

taxpayers. These translated strategies fulfill the second objective by offering 

differentiated approaches that can strengthen taxpayer engagement and improve overall 

compliance. 

 

The research also contributes practical recommendations that support broader 

institutional goals, addressing the third objective. The integration of clustering insights 

with CRM strategies provides Samsat Prabumulih with a framework for optimizing local 

revenue collection, improving service quality through targeted resource allocation, and 
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enhancing institutional relationships with taxpayers. This demonstrates the value of 

evidence-based decision-making enabled by data mining and CRM integration. However, 

this study has several limitations. The dataset was limited to administrative and vehicle-

related attributes, without incorporating behavioral, socio-economic, or geographic 

variables that may further influence compliance. Additionally, clustering results were 

derived from a single period of data, which may not fully capture seasonal variations or 

long-term behavioral trends. Future research should expand on these limitations by 

integrating additional variables, exploring temporal or longitudinal clustering to observe 

behavioral changes over time, and comparing different clustering algorithms such as 

DBSCAN or hierarchical clustering. Further studies may also evaluate the real-world 

implementation of CRM strategies developed in this research to measure their 

effectiveness in improving compliance and service quality. 
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