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ABSTRACT

Beauty clinics routinely accumulate detailed transaction records, yet these
data are often used only for administrative reporting and are not transformed
into actionable customer insights. This study implements Density-Based Spa-
tial Clustering of Applications with Noise (DBSCAN) in a web-based system
to identify customer purchasing patterns at Raen Aesthetic. Transaction
data from January to December 2025 were cleaned, aggregated into recency,
frequency, and monetary features, and normalized using a robust scaler. DB-
SCAN was executed with epsilon = 0.8000 and minimum samples = 5, while
cluster quality was assessed using the Silhouette Score and Davies-Bouldin In-
dex. The implementation produced nine customer clusters and 148 noise ob-
servations. The Silhouette Score of 0.3551 indicated a reasonably structured
separation, whereas the Davies-Bouldin Index was 1.2569. Cluster 1 was the
largest segment, comprising 355 customers with low purchase frequency and
relatively small monetary value. Cluster 5 represented a high-value segment
with an average monetary value of approximately IDR 10,302,000, while the
noise group displayed heterogeneous but economically significant transaction
behavior. Treatment transactions dominated most clusters, whereas several
segments showed stronger preferences for packages and deposits. Black-box
testing confirmed that all major functions operated according to the specified
scenarios. The results demonstrate that DBSCAN can provide interpretable
customer segmentation and support evidence-based service and customer-
management decisions in beauty clinics.
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1. INTRODUCTION
The beauty-service industry in Indonesia has expanded alongside increasing public awareness of personal care,
health, and appearance. In this environment, beauty clinics function not only as healthcare-service providers but
also as competitive service businesses that require effective customer management and data-informed decision
making [1]. Transaction systems record visits, treatment types, product purchases, packages, deposits, and
payment values; however, these records are frequently retained only as administrative archives. Consequently,
their potential to reveal customer behavior, purchasing intensity, and service preferences remains underutilized.
Data mining provides a systematic mechanism for transforming large operational datasets into interpretable
patterns and decision-support information [2, 3]. Within this domain, clustering is particularly appropriate
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when predefined class labels are unavailable because it groups observations according to similarity in their
measured characteristics [4]. For customer analysis, clustering supports segmentation based on behavioral
variables and enables organizations to distinguish regular customers, inactive customers, high-value customers,
and atypical purchasing behavior [5, 6].
Conventional partition-based methods commonly require the number of clusters to be specified in advance
and often assume relatively compact cluster structures. These assumptions may be unsuitable for customer
transaction data, which can contain irregular density patterns and economically meaningful outliers. DBSCAN
addresses these limitations by forming clusters from dense neighborhoods and explicitly assigning sparse observa-
tions as noise [7, 8]. The method therefore provides two relevant capabilities for beauty-clinic data: discovering
customer groups without fixing the cluster count beforehand and identifying customers whose behavior differs
substantially from the dominant patterns [7].
Previous customer-segmentation studies have shown that transaction-based variables can provide actionable
descriptions of loyalty, activity, and customer value [5, 9, 10]. Nevertheless, many implementations concentrate
exclusively on the analytical model and do not integrate dataset administration, parameter configuration, visual
interpretation, result history, and report generation within a unified operational application. This gap limits
the practical use of clustering outputs by administrators who require repeatable analysis and accessible visual
summaries.
This study contributes a web-based DBSCAN system that processes beauty-clinic transactions through data
cleaning, RFM feature construction, robust normalization, density-based clustering, internal validation, and
visual customer profiling. The system records clustering runs, displays noise and cluster statistics, presents
purchase-type distributions and dimensionality-reduction plots, and supports administrative reporting [8, 11,
12]. The study uses Raen Aesthetic transaction data from January to December 2025 and evaluates the im-
plementation through clustering-quality metrics and functional black-box testing. Accordingly, the objectives
are to implement DBSCAN for grouping beauty-clinic customers according to purchasing behavior, identify the
characteristics of the resulting customer segments, and provide structured segmentation information that can
support customer-management and service-evaluation decisions. The research focuses on recency, frequency,
and monetary indicators derived from historical transactions and does not attempt to predict future purchases
or prescribe automated marketing decisions.

2. RESEARCH METHODS
2.1. Research Design and Data Source

The study employed a quantitative, applied data-mining design. The analytical object was Raen Aesthetic, and
the dataset consisted of historical customer transactions recorded from January through December 2025. Data
were obtained from the clinic information system and represented actual service activity during the observation
period. The research stages comprised data acquisition, period-based selection, validation and cleaning, feature
engineering, normalization, DBSCAN modelling, cluster evaluation, interpretation, system implementation, and
functional testing.

2.2. Data Preparation and RFM Feature Construction

The raw records were examined for duplicate entries, missing values, inconsistent transaction identifiers, and
invalid monetary values. Records outside the defined study period were excluded. Transactions were then
aggregated at customer level to form three behavioral features: recency, defined as the elapsed time since the
most recent transaction; frequency, defined as the number of invoices or transactions; and monetary value,
defined as the accumulated transaction amount. Additional purchase-type proportions were retained for cluster
interpretation, including treatment, product, package, and deposit transactions.
Because recency, frequency, and monetary values have substantially different numerical ranges and are sensitive
to extreme transaction values, the system applied robust scaling before distance computation. This transforma-
tion reduced scale dominance and limited the influence of extreme values while preserving the relative structure
required for density-based analysis.
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2.3. DBSCAN Clustering Procedure

DBSCAN forms clusters by expanding connected regions that satisfy a local density requirement. For a data
point p, the epsilon neighborhood is defined as the set of observations whose distance from p does not exceed ε

[12]:
Nε(p) = {q ∈ D | dist(p, q) ≤ ε} (1)

A point is classified as a core point when the number of observations in its epsilon neighborhood is at least
MinPts. Points reachable from connected core points are assigned to the same cluster, while observations that
do not satisfy density reachability are labelled as noise. Euclidean distance was used for the normalized feature
space:

dist(p, q) =

√√√√ n∑
i=1

(pi − qi)2 (2)

The final implementation used ε = 0.8000 and MinPts = 5 with robust scaling. Parameter selection was
supported by a fifth-nearest-neighbor distance plot and empirical inspection of cluster formation. The system
stored the parameter configuration, cluster count, number of noise observations, evaluation scores, and generated
visual outputs for every analytical run.

2.4. Evaluation Metrics

Cluster quality was assessed using the Silhouette Score and Davies-Bouldin Index. The Silhouette Score mea-
sures cohesion within a cluster relative to separation from the nearest alternative cluster and ranges from −1

to 1; larger positive values indicate more coherent and better-separated groups. The Davies-Bouldin Index
evaluates the average similarity between each cluster and its most similar competing cluster; lower values indi-
cate more distinct cluster structures. The study also used principal component analysis (PCA) exclusively for
two-dimensional visualization and did not use PCA as the primary clustering representation [13].

2.5. Web-Based System and Functional Testing

The analytical workflow was integrated into a web-based application with modules for authentication, user
administration, dataset upload and activation, clustering execution, result history, reporting, and system con-
figuration. Python executed the data-processing and clustering pipeline, while a relational database stored
users, datasets, run metadata, configuration values, and summary outputs. Functional verification used black-
box testing, in which system behavior was evaluated from input and output responses without inspecting internal
source code. Twelve scenarios covered valid and invalid login, user-data operations, dataset handling, clustering
execution, result presentation, configuration, reporting, and logout [14].

3. RESULTS AND DISCUSSION
3.1. System Implementation

The implemented application organizes the complete analytical process within a consistent administrative in-
terface. Authentication is required before the user can access the clustering modules, thereby separating public
access from operational functions.
As illustrated in Figure 1, the login page contains the application identity, username and password fields,
and an authentication button. Submitted credentials are validated against stored account data. Successful
authentication redirects the user to the dashboard, whereas invalid credentials produce an error message and
retain the login form.
Figure 2 presents the dashboard, which summarizes the active dataset, transaction period, customer count,
invoice count, and the most recent clustering run. The sidebar provides direct access to the dashboard, users,
data, clustering, reports, and settings. By combining operational dataset information with clustering indicators,
the dashboard allows the administrator to confirm the active analytical context before inspecting detailed
outputs.
The user-management page shown in Figure 3 supports account search, creation, modification, and deletion.
The table displays sequential numbers, usernames, full names, and email addresses. This module centralizes
administrative control over authorized application users and supports structured account maintenance.
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Figure 1. Login page of the DBSCAN clinic application.

Figure 2. Application dashboard and latest clustering summary.

Figure 3. User-management page.
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Figure 4. Dataset upload and activation page.

Figure 4 shows the dataset module. Excel or CSV files can be uploaded and recorded with their transaction
period, number of customers, number of invoices, and total transaction value. A dataset can be designated
as active for subsequent analysis, while additional actions provide detail inspection and deletion. This design
prevents clustering from being executed against an unintended data source.

Figure 5. DBSCAN execution page and run history.

The clustering interface in Figure 5 integrates data cleaning, feature construction, scaling, and DBSCAN execu-
tion. The displayed run used the active file cbi_transactions_clean.xlsx, ε = 0.8, MinPts = 5, and robust
scaling. The resulting history record reports nine clusters, 148 noise observations, a Silhouette Score of 0.3551,
and a Davies-Bouldin Index of 1.2569. Storing each run improves reproducibility and allows parameter-result
comparisons.

3.2. Customer Cluster Profiles

Figure 6 summarizes ten labels: nine clusters numbered 0–8 and the noise label −1. The noise group contains
148 customers, with an average frequency of approximately 5.87 transactions and an average monetary value
of about IDR 7,850,027. Although these customers do not satisfy the density requirements of the principal
clusters, their high transaction values demonstrate that the noise label should not automatically be interpreted
as unimportant; rather, it indicates heterogeneous behavior that requires individual examination.
Cluster 1 is the largest segment, containing 355 customers with an average frequency of one transaction and
an average monetary value of approximately IDR 418,232. This segment represents the dominant low-intensity
customer group. Cluster 2 has the highest mean recency, approximately 248 days, indicating customers who
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Figure 6. Summary of the customer clusters generated by DBSCAN.

have not returned for a relatively long period. Clusters 4, 5, and 6 have lower recency values and therefore
represent more recently active customers. Cluster 5 is especially important because its average monetary
value reaches approximately IDR 10,302,000, which characterizes it as a high-value segment. Cluster 8 is also
economically significant, with an average monetary value of approximately IDR 8,811,400 despite containing
only five customers.

3.3. Purchasing-Type and Item Patterns

Figure 7. Dominant purchase types by cluster.

Figure 7 demonstrates that treatment transactions dominate several customer groups. Within the noise group,
treatments contribute approximately IDR 473,861,298 across 872 transactions, accompanied by substantial pack-
age and deposit activity. Cluster 0 is primarily associated with treatment transactions valued at approximately
IDR 12,526,758. Cluster 1 is likewise treatment-dominant, but its relatively small product and package values
indicate a regular low-value purchasing profile. In contrast, Cluster 2 is dominated by package transactions
valued at approximately IDR 11,648,675, suggesting a preference for bundled services rather than individual
treatments.
At item level, Figure 8 shows that the highest-value item in the noise group is the IDR 5 million deposit,
contributing IDR 205,000,000 from 41 transactions. Picocare Rejuve Melasma follows with IDR 139,575,000

Page 490



T. R. A. H. Lubis & M. Azhari Implementation of the Density-Based Spatial Clustering (DBSCAN)...

Figure 8. Highest-value purchased items within the clusters.

across 99 transactions. Other premium services, including Platinum Hydrafacial and annual treatment packages,
also appear among the dominant items. These findings clarify that atypical density patterns can still correspond
to commercially valuable customers and should be examined through targeted customer-service strategies.

Figure 9. Distribution of treatment, product, package, and deposit purchases across clusters.

The proportional visualization in Figure 9 indicates that Clusters 0, 1, and 4 are heavily dominated by treatment
transactions. Clusters 2 and 3 show a stronger package orientation, while Cluster 5 combines substantial
treatment and deposit activity. Cluster 8 displays a particularly strong deposit proportion. This inter-cluster
variation confirms that the segmentation captures not only customer value and visit timing but also differences
in the composition of purchases.

3.4. Cluster Validation and Visual Structure

The silhouette distribution in Figure 10 is predominantly positive, with an average value of approximately
0.3551. This result indicates a reasonably interpretable cluster structure, although several observations remain
near cluster boundaries. The moderate score is consistent with the heterogeneous characteristics of real customer
transactions, where purchasing behavior does not always form sharply separated groups. The result is therefore
adequate for exploratory segmentation but should not be interpreted as evidence of perfectly isolated customer
classes.
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Figure 10. Silhouette coefficient distribution for the DBSCAN result.

Figure 11. Two-dimensional PCA visualization of customer clusters.
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Figure 11 maps customers into two principal components for visualization. Nearby points represent similar
normalized transaction characteristics, while colors indicate assigned cluster labels. Several small clusters form
visibly distinct regions, whereas widely dispersed points correspond to noise and heterogeneous customer behav-
ior. Because PCA compresses the original feature space, this figure is interpreted as a visual diagnostic rather
than a replacement for the original DBSCAN distance calculations [15–17].

Figure 12. Number of customers in each cluster.

The cluster-size distribution in Figure 12 confirms the imbalance among segments. Cluster 1 is dominant
with 355 customers, followed by the noise group with 148 customers. Clusters 5, 6, and 8 contain relatively
few customers and represent specialized behavioral profiles. Such imbalance is not inherently problematic for
DBSCAN because the algorithm is designed to identify dense regions of different shapes and to preserve sparse
observations as noise rather than force them into equally sized groups.

Figure 13. Fifth-nearest-neighbor distance plot used to inspect epsilon selection.

The fifth-nearest-neighbor distance plot in Figure 13 increases gradually for most observations and rises sharply
near the end. This elbow pattern separates dense observations from sparse candidates and provides an empir-
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ical basis for examining epsilon values. Although the visual elbow appears near the higher-distance tail, the
implemented ε of 0.8 produced a detailed nine-cluster solution with explicit noise identification. The result
demonstrates the sensitivity of DBSCAN to parameter selection and supports future comparative experiments
across alternative epsilon values.

3.5. Reporting and Configuration

Figure 14. Clustering-run report page.

The report page in Figure 14 records each clustering execution with its date, dataset, epsilon, minimum-sample
setting, cluster count, and noise count. The documented run using cbi_transactions_clean.xlsx confirms
ε = 0.8000, MinPts = 5, nine clusters, and 148 noise observations. Historical storage supports auditability and
enables administrators to revisit detailed analysis results without rerunning the complete pipeline.

Figure 15. Application configuration page.

Figure 15 shows the configuration module, which allows administrators to modify the application name, Python
execution path, and centrally managed visual assets such as the login logo, sidebar logo, and favicon. The
Python-path configuration connects the web interface to the analytical engine and report-generation process,
while centralized branding maintains visual consistency across application components.

3.6. Black-Box Testing

Black-box testing was conducted to verify whether each major function produced the expected output for rep-
resentative user actions. Table 1 reports twelve scenarios. Every scenario produced a successful result and
was classified as valid, indicating that the implemented authentication, user administration, dataset manage-
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ment, clustering, reporting, configuration, and session-termination functions operated according to the defined
requirements [18–20].

Table 1: Black-box testing results

No. Tested Feature Test Scenario Expected Result Observed Result Status

1 System Login Enter a valid username and
password

The dashboard is displayed Successful Valid

2 System Login Enter an invalid username or
password

A login error message is dis-
played

Successful Valid

3 User Data Add a new user The user record is stored in
the database

Successful Valid

4 User Data Edit an existing user The user record is updated Successful Valid
5 User Data Delete a user The user record is removed Successful Valid
6 Dataset Upload Upload an Excel or CSV file The dataset is stored success-

fully
Successful Valid

7 Active Dataset Select a dataset as active The active dataset changes
accordingly

Successful Valid

8 DBSCAN Clustering Execute the clustering pro-
cess

Clusters and noise observa-
tions are generated

Successful Valid

9 Clustering Results Open detailed clustering re-
sults

The system displays cluster-
analysis details

Successful Valid

10 Reports Display clustering history The report data are dis-
played correctly

Successful Valid

11 System Settings Change application name
and logo

Changes are saved and dis-
played

Successful Valid

12 Logout Select the logout command The authenticated session is
terminated

Successful Valid

The functional results confirm that the analytical findings are supported by a usable operational system. From a
practical perspective, the combination of customer-level RFM features, explicit noise detection, visual profiling,
and repeatable run history provides clinic management with a more transparent basis for recognizing regular,
inactive, high-value, and atypical customers. Nevertheless, the moderate silhouette value and parameter sen-
sitivity indicate that the segmentation should be treated as analytical decision support rather than as a fixed
classification of customer identity.

3.7. Discussion

The primary objective of this study was to implement the Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) algorithm to uncover hidden purchasing patterns within the transactional data of Raen
Aesthetic. The results demonstrate that DBSCAN is highly effective for segmenting beauty clinic customers
based on Recency, Frequency, and Monetary (RFM) variables. Unlike traditional partitioning methods such
as K-Means, which require the predefined specification of cluster counts and often force outliers into arbitrary
groups, DBSCAN successfully identified nine distinct behavioral segments while naturally isolating 148 obser-
vations as noise. Crucially, the noise in this context did not represent irrelevant or erroneous data; rather, it
captured a highly valuable, atypical customer segment. These noise observations exhibited high transaction
values, averaging IDR 7,850,027, and engaged in premium services such as IDR 5 million deposits and Picocare
Rejuve Melasma treatments. This highlights a unique advantage of DBSCAN in the service industry: its ability
to protect high-margin, sparse transactions from being diluted within generalized clusters, thereby allowing
management to identify hidden VIPs who do not conform to standard purchasing routines.
The granular profiling of the resulting clusters provides clinic management with an evidence-based roadmap
for targeted Customer Relationship Management (CRM) and marketing strategies. For instance, Cluster 1,
the largest segment comprising 355 customers, is characterized by low purchase frequency and low monetary
value, representing a baseline customer base that presents an opportunity for upselling through introductory
packages or loyalty-point incentives. Conversely, Cluster 2 exhibits the highest mean recency of approximately
248 days, indicating a dormant or churned segment; because this group shows a strong preference for bundled
packages, targeted win-back promotions featuring discounted package deals could effectively re-engage them.
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On the other end of the spectrum, Clusters 5 and 8 represent the high-value segments, with average monetary
values reaching IDR 10,302,000 and IDR 8,811,400, respectively. These customers require personalized aesthetic
consultations, exclusive previews of new treatments, and dedicated account management to maintain their
loyalty and maximize their lifetime value. Furthermore, the variation in purchase types across segments, such
as the dominance of single treatments in Cluster 1 versus the preference for deposits in Cluster 8, allows the
clinic to align its inventory and promotional efforts with the specific financial behaviors of each group.
Beyond the algorithmic outcomes, the integration of the DBSCAN pipeline into a unified web-based system
addresses a critical gap in applied data mining. Frequently, complex clustering models remain confined to
data science environments, rendering them inaccessible to business administrators. By providing an intuitive
dashboard, historical run tracking, and visual diagnostics such as principal component analysis plots and sil-
houette distributions, the implemented system democratizes data analytics. The successful black-box testing
across twelve functional scenarios confirms that non-technical staff can reliably execute data-mining workflows,
upload new datasets, and generate actionable reports. This operational integration bridges the gap between
theoretical data mining and practical, day-to-day business intelligence, fostering a data-driven decision-making
culture within the clinic without requiring deep technical expertise from the end-users.
From a methodological perspective, the internal validation metrics, specifically a Silhouette Score of 0.3551 and a
Davies-Bouldin Index of 1.2569, reflect a reasonably structured but moderately overlapping cluster topology. In
the context of human behavioral and transactional data, perfectly isolated clusters are exceptionally rare. The
moderate silhouette score suggests that while core behavioral patterns are distinct, there is a natural continuum
in customer purchasing habits. Furthermore, the fifth-nearest-neighbor distance plot underscored the sensitivity
of DBSCAN to parameter selection, particularly epsilon and minimum points. While the selected epsilon of
0.8000 yielded a highly interpretable nine-cluster solution, slight adjustments could merge smaller segments
or reclassify noise. This emphasizes that density-based clustering in business contexts should be treated as an
analytical decision-support tool requiring human-in-the-loop interpretation, rather than a rigid, fully automated
classification system.
Despite its practical and methodological contributions, this study has limitations that present opportunities
for future research. The current segmentation relies exclusively on historical transactional RFM data, omitting
potentially valuable demographic, psychographic, or customer satisfaction variables that could further enrich
the cluster profiles. Additionally, the implemented system is purely descriptive and does not predict future
customer behavior, such as churn probability or next-purchase timing. Future research should explore hybrid
models, such as combining DBSCAN with predictive machine learning algorithms to forecast cluster migration
over time. Comparing DBSCAN with advanced density-based algorithms like HDBSCAN or OPTICS could also
mitigate the challenge of manual parameter tuning. Finally, integrating the web-based system with automated
marketing application programming interfaces to trigger real-time, cluster-specific promotional campaigns would
be a highly valuable next step for fully operationalizing these analytical insights in a clinical setting.

4. CONCLUSION
This study successfully implemented the Density-Based Spatial Clustering of Applications with Noise (DB-
SCAN) algorithm within a unified web-based system to identify and profile customer purchasing patterns at
Raen Aesthetic. By transforming historical transaction data from 2025 into Recency, Frequency, and Monetary
(RFM) features and applying robust scaling, the system effectively captured the diverse behavioral landscape of
the clinic’s clientele. The density-based clustering process, configured with an epsilon of 0.8000 and a minimum
sample size of 5, yielded nine distinct customer segments and isolated 148 observations as noise. Crucially,
the analysis revealed that the noise category did not represent irrelevant data, but rather a highly valuable,
atypical segment characterized by substantial monetary expenditures, such as premium deposits and special-
ized treatments. Furthermore, the identification of specific behavioral profiles, ranging from the dominant,
low-intensity Cluster 1 to the high-value Cluster 5, demonstrates DBSCAN’s capability to uncover nuanced,
actionable insights without forcing sparse observations into arbitrary, predefined groups.
The analytical reliability of the clustering results was supported by internal validation metrics, including a
Silhouette Score of 0.3551 and a Davies-Bouldin Index of 1.2569, which confirmed a reasonably structured and
interpretable separation of customer segments suitable for exploratory business analysis. Beyond the algorithmic
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outcomes, a significant contribution of this research is the successful development and deployment of an inte-
grated web-based application. By encapsulating the entire data-mining pipeline, from dataset management and
parameter configuration to visual profiling and historical reporting, the system bridges the gap between complex
computational models and practical business utility. Comprehensive black-box testing across twelve functional
scenarios verified that all core modules, including user administration, data handling, clustering execution, and
system configuration, operated flawlessly and met the specified requirements. This ensures that non-technical
clinic administrators can reliably utilize the platform for ongoing customer analysis without requiring deep data
science expertise.
Ultimately, the implemented system provides clinic management with a transparent, evidence-based decision-
support tool for optimizing Customer Relationship Management (CRM) and marketing strategies. The granular
segmentation enables the clinic to tailor its interventions, such as designing targeted win-back campaigns for
dormant customers, offering loyalty incentives to low-frequency visitors, and providing exclusive retention pro-
grams for high-value patrons. While the current implementation serves as a robust descriptive analytical tool,
future research could expand its predictive capabilities by integrating machine learning forecasting models to
anticipate customer churn or cluster migration over time. Additionally, exploring advanced density-based algo-
rithms, such as HDBSCAN, could further automate parameter optimization. In conclusion, this study proves
that integrating DBSCAN into an accessible operational framework empowers beauty clinics to transition from
basic administrative record-keeping to sophisticated, data-driven customer management, thereby enhancing
both service delivery and business competitiveness.
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