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Customer segmentation is a widely used approach to understand customer
transaction patterns and support the development of more effective
business strategies. Recency, Frequency, and Monetary (RFM) analysis
followed by clustering techniques is a common method applied for this
purpose. However, previous research results still show very diverse results
regarding the effect of data normalization on clustering quality, especially in
the use of different datasets and algorithms. This study aims to analyze the
effect of data normalization on RFM-based customer segmentation using the
K-Means and DBSCAN algorithms. The analysis was conducted on two
transaction datasets, namely Online Retail Il and TransJakarta, using three
pre-processing scenarios, namely without normalization, Min-Max
normalization, and Z-Score normalization. Then, the cluster quality was
evaluated using the Silhouette Score and Davies—Bouldin Index (DBI). In the
Online Retail Il dataset, K-Means produced the best performance without
normalization with a Silhouette Score value of 0.9845, while DBSCAN was
only able to form valid clusters after applying Z-Score normalization. On the
TransJakarta dataset, the best performance of both algorithms was also
achieved on unnormalized data, while DBSCAN was able to identify up to 20
clusters along with a number of noise points. These findings demonstrate
that the effect of normalization is not always uniform across datasets and
clustering methods. By comparing three normalization scenarios on two
datasets with different transaction characteristics, this study provides
empirical evidence on the importance of tailoring preprocessing strategies
to the data characteristics and algorithm mechanisms used.
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1. Introduction

The volume of transaction data generated by business activities and public services continues to
increase. This situation encourages the use of data analysis techniques to gain a better understanding
of customer behavior. One widely used approach is Recency, Frequency, and Monetary (RFM)-based
customer segmentation, as it can describe customer interaction patterns through the time of the last
transaction, the frequency of transactions, and the resulting transaction [1], [2], [3], [4]. To form groups
of customers with similar characteristics, various studies utilize clustering algorithms such as K-Means
and DBSCAN [5], [6], [7].

Although the application of RFM-based customer segmentation has been widely reported in various
domains, previous research has generally focused on comparing clustering algorithms or their
application to specific [4]. Meanwhile, the influence of data preprocessing, particularly normalization,
has been relatively rarely discussed in depth [8]. Differences in scale between RFM attributes can
impact the cluster formation process, particularly in algorithms that rely on distance calculations [8].
Furthermore, results from various studies indicate that the benefits of normalization are not always
consistent, so it is uncertain whether changes in clustering quality are more influenced by data
characteristics or by the algorithmic mechanisms [5], [7], [8], [9].

Based on these conditions, this study analyzes the effect of normalization on RFM-based customer
segmentation using the K-Means and DBSCAN algorithms. This analysis was conducted on two datasets
with different transaction characteristics, namely Online Retail Il and Translakarta, using three pre-
processing scenarios, namely without normalization, Min-Max normalization, and Z-Score
normalization. Cluster quality was evaluated using the Silhouette Score and Davies—Bouldin Index (DBI)
to obtain an overview of the relationship between pre-processing strategies, data characteristics, and
clustering performance [7], [8].

The main contributions of this study are threefold. First, this study systematically compares three
preprocessing scenarios, namely raw RFM data, Min-Max normalization, and Z-Score normalization, to
evaluate their effects on customer segmentation quality. Second, unlike many previous studies that
rely on a single dataset, this research investigates normalization effects across two datasets with
different transaction characteristics, providing broader empirical evidence regarding the role of feature
scaling in RFM-based clustering. Third, this study compares the behavior of a centroid-based clustering
algorithm (K-Means) and a density-based clustering algorithm (DBSCAN) under identical preprocessing
scenarios, enabling a deeper understanding of how normalization influences clustering performance
across different clustering paradigms.

2. Literature Review

The Recency, Frequency, and Monetary (RFM) model is widely used in customer segmentation
research to represent customer behavior through three measurable dimensions: the time elapsed since
the last transaction (recency), the total number of transactions within a given period (frequency), and the
cumulative transaction value generated by each customer (monetary). Overall, these three dimensions
enable transaction data to be summarized into customer profiles that can be used for segmentation and
behavioral analysis [1], [2].

Several studies have utilized RFM-based approaches in various domains. In the online retail sector,
clustering techniques are used to identify purchasing patterns and customer groups based on
transaction value [5]. The same approach is also applied to transportation services to analyze
transaction activity and passenger usage patterns [9]. The results of these studies indicate that RFM-
based clustering can be effectively utilized to map customer behavior and support the decision-making
process [10].

K-Means and DBSCAN are two clustering algorithms widely used in RFM-based customer
segmentation. K-Means works by dividing data into a predetermined number of clusters by iteratively
minimizing the distance between the data and the cluster center. Because it uses Euclidean distance as
the basis for clustering, this algorithm is sensitive to differences in scale between features. Variables
with a larger range of values can dominate the distance calculation, thus affecting the resulting clusters.
On the other hand, DBSCAN forms clusters based on data density and does not require a predetermined
number of clusters. This algorithm is also capable of identifying data that does not fall into any cluster
as noise [5], [6]. However, the quality of the clustering results is greatly influenced by the data
distribution and the parameter selection used.
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Before the clustering process is performed, data is generally normalized to reduce scale differences
between variables. In RFM data, each attribute typically has a different value range. For example, the
Monetary attribute typically has a much larger value than the Recency or Frequency attributes. This
can impact clustering results, especially in algorithms that use Euclidean distance calculations such as
K-Means. If data is not normalized, attributes with large values will more dominantly influence cluster
formation [11]. Numerous studies have shown that the success of a normalization process varies from
case to case. Dataset characteristics, feature distribution, and the algorithmic mechanisms used in the
clustering process influence its effectiveness [2], [9], [11].

In retail transaction datasets, the Monetary attribute often contains significantly larger values than
other RFM dimensions due to a small number of customers making very high-value transactions. This
can result in a highly skewed distribution and increase the influence of outliers during data analysis.
Previous studies have also suggested using a logarithmic transformation before normalization as a way
to reduce distribution skew and moderate the impact of extreme values. By compressing a large range
of observations while preserving the relative order of data points, this approach can help create a more
balanced feature distribution and support clustering algorithms that rely on distance- and density-
based calculations [11], [12], [13].

Assessing clustering results is a crucial step in determining the quality of the resulting customer
segmentation. In this process, internal evaluation metrics such as the Silhouette Score and Davies-
Bouldin Index are often used to measure cluster quality. The Silhouette Score is used to assess the
similarity of data within a cluster compared to other nearby clusters, while the Davies-Bouldin Index is
used to measure the degree of compactness and separation between clusters [1], [5]. The combination
of these two metrics allows cluster quality to be analyzed from different perspectives.

3. Method

This study analyzes the impact of data normalization on mutual customer segmentation based on
RFM using quantitative methods through an experimental approach. The K-Means and DBSCAN
algorithms were used for testing as clustering methods. This approach was chosen because it can make
the testing process on various data processing techniques more focused and, at the same time,
facilitate objective evaluation of cluster results through the use of standard assessment measurements
(2], [6].

This research implemented several interconnected stages. The first stage began with data
collection, followed by pre-processing and feature formation, followed by data normalization,
clustering, and evaluation and analysis of the results. Each stage of this research was systematically
designed to ensure the analysis remained focused and the experiment could be repeated with similar
results. The general research flow can be seen in Figure 1.

189



Start

Data collection

Translakarta

Public transit dataset

Data preprocessing

Remove missing values & invalid recards

RFM feature construction

Recency, Frequency, Monetar

Normalization scenario setup

A

Scenario 1 Scenario 2 Scenario 3

Raw (no normalization) Min-max narmalization Z-score normalization

l

Clustering process

Applied to each scanario

| |
I !

K-Means DBSCAN
Number of clusters (k Eps & MinPts parameters

Centroid & inertia Clusters & noise points

| |
R

Clustering evaluation

Silhouette score & Davies-Bouldin index

Finish

Figure 1. Research methodology workflow

3.1 Data collection

This study used two common datasets obtained from the Kaggle platform, namely Online Retail Il
(www.kaggle.com/datasets/ersany/online-retail-dataset/data) and TransJakarta
(www.kaggle.com/code/kemalmaolana/transjakarta-eda/). Before data processing, the Online Retail Il
dataset contained 1,067,371 transaction histories from e-commerce retail activities. This dataset
describes customer transaction behavior with varying transaction values. The TransJakarta dataset
contained 37,900 transaction histories from public transportation services with stable transaction
values.

The two datasets were selected based on their different characteristics. The Online Retail Il dataset
depicts customer behavior with varying spending levels, while the TransJakarta dataset depicts similar
transaction patterns. These different characteristics provide an opportunity to assess the performance
of clustering and normalization techniques on two datasets with different characteristics. Therefore, a
comprehensive analysis of the effect of normalization on RFM-based customer segmentation can be
conducted [5], [9].

3.2 Data preprocessing and RFM feature construction

Before the clustering process was carried out, a preprocessing phase was performed on both
datasets to ensure clean and stable data. The preprocessing phase began with data cleaning, then
handling incomplete data, and forming RFM features as the basis for the analysis. The process begins
with checking for duplicate data and then removing them. Duplicate data can result in multiple
recorded transactions, which affetcs the Frequency and Monetary values. Afterward, data with blank
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values in important attributes was excluded from the analysis. Incomplete data results in inaccurate
feature calculations and decreases the quality of the clustering results.

Furthermore, transactions deemed invalid were filtered out so that this study only included data
that accurately reflected customer activity. This stage aims to ensure stable data quality and reduce the
potential for bias. Once the data is clean, the transaction data is transformed into three main RFM
attributes. Recency measures the time interval since a customer's last transaction. Frequency indicates
the number of times a customer made a transaction during the observation period. The Monetary value
indicates the total transaction value generated by the customer. The selection of three attributes was
based on their ability to concisely represent behavioral patterns and has been widely used in several
customer segmentation studies [1], [9], [14].

The resulting RFM dataset was then used as the basis for the normalization and clustering stages.

3.3 Data normalization scenarios

To evaluate the impact of feature scale on clustering results, three different data conditions were
compared in this study. These three conditions included the original RFM data, data after Min-Max
normalization, and data after Z-Score normalization. The original RFM data served as the baseline, while
the two normalization techniques were used to observe changes in clustering results after adjusting
the feature scale.

The different numerical scales of the RFM attributes are the reason for normalization. Of the three
features, the Monetary attribute typically has the highest value compared to Recency and Frequency.
This causes the clustering process to be influenced by the larger value, resulting in an imbalance in the
role of each feature [11], [15]

Equation (1) is used to perform Min-Max normalization, where the feature value scale is changed
into the range 0 to 1 [11], [15]:

X = x—xmin' (1)
xmax—xmin
Where the original feature value is indicated by x, the minimum value is indicated by xmin, and the
maximum value of the feature is indicated by xmax.

Equation (2) is used for Z-Score normalization, which normalizes each feature based on its data

mean and standard deviation [11], [15]:

z = £ (2)

With the original feature value denoted by x, the feature mean denoted by u, and the feature
standard deviation denoted by o.

As a comparison parameter, this study still uses the original RFM data without normalization. For
comparison, two commonly used normalization techniques are used: Min-Max and Z-Score, which
reflect two different approaches to data scaling. The Min-Max normalization method is used to balance
the range of values between features, so that each attribute is on an equal scale. Meanwhile, the Z-
Score standardizes the values by considering the average and the degree of data distribution. By
comparing the results on the original data with both normalization schemes, the impact of feature scale
on clustering results can be more explicitly observed [2].

Transaction data with an uneven monetary distribution is recommended to use a logarithmic
transformation. Using a logarithmic transformation can reduce the impact of excessively large values
and make the data distribution more equal. In this study, the Monetary attribute in both datasets has
a much wider range of values compared to the Recency and Frequency attributes. The different ranges
indicate outliers and uneven data distribution.

However, logarithmic transformation was not applied because the focus of this study was to
compare the effect of two commonly used normalization techniques, Min-Max and Z-Score, on
clustering quality in the original RFM representation. By limiting the scenario to the raw data, Min-Max,
and Z-Score, the effect of normalization can be evaluated more directly. The use of logarithmic
transformation before normalization can be explored in future research.

3.4 Clustering process
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The data from each normalization scenario were subsequently used in the clustering stage using K-
Means and DBSCAN. For K-Means, Euclidean distance was used to measure the similarity between data
points, following the standard approach commonly adopted in centroid-based clustering [6]. In order
for each experiment to obtain consistent test results, the K-Means algorithm was run using
random_state =42 and n_init = 10. Meanwhile, other parameters remained standard from Scikit-learn,
including the maximum number of iterations set at 300. To determine the optimal number of clusters,
k values ranging from 2 to 10 were tested. The clustering quality at each k value was assessed using the
Silhouette Score. Of all the experiments conducted, the k value with the highest Silhouette Score was
selected as the optimal number of clusters for use in the dataset.

DBSCAN was chosen as a density-based clustering technique because it allows clustering without
having to determine the number of clusters first [15], [16]. The selection of the eps parameter in this
study was determined with the help of the k-distance graph stated by Ester et al. [15] The way to carry
out this method is by sorting the distance to the kth nearest neighbor, then observing the change points
on the graph as a basis for determining the most appropriate eps value.

Based on this, parameter searches were conducted in stages for each normalization scheme using
an empirical grid search approach. Parameter selection was conducted in two stages of testing. The
first stage used a wider range of eps values, namely 0.5; 1.0; 1.5; 2.0; 3.0; and 5.0 to obtain an overview
of the parameter areas with high potential. The second stage carried out a more focused search using
eps values of 0.1; 0.3; 0.5; 0.7; and 1.0 to obtain more precise parameters. All eps values at each stage
were tested with min_samples values of 2,5 and 10.

For each normalization scheme, the best eps value is determined based on observations during the
grid search process. Experimental results show that very small eps values tend to create many data
points that are considered noise, while very large eps values tend to combine most of the data into too
few clusters. Therefore, the best eps value is selected based on the setting that produces valid
clustering results with the highest Silhouette Score.

In the DBSCAN algorithm, the selection of the min_samples value depends on the number of
dimensions used in the data to be analyzed. One parameter often used as a reference is d + 1, with d
indicating the number of features used [15], [17]. The feature space in this study includes three RFM
attributes, so the min_samples value directed by this parameter is around 4.

However, considering the initial test results using min_samples = 3, the clustering results obtained
on both datasets were more consistent. With this value, clusters can be formed well without increasing
the number of noisy data points. Increasing the min_samples value also tends to increase the number
of noisy points, resulting in less optimal clustering results. Therefore, the value 3 was chosen for all
tests. Furthermore, the parameter search process was implemented the same on both datasets to
ensure consistent and easy replication of comparisons.

3.5 Clustering evaluation

To measure the quality of clustering results in this study, two internal metrics were used, namely
the Silhouette Score and the Davies-Bouldin Index (DBI) [18]. These two metrics were chosen for use in
this study because they can directly assess cluster quality without requiring class labels. The assessment
is conducted by observing how the data is combined and the clarity of the resulting cluster separation.
This study employed an unsupervised learning approach, therefore, these metrics were considered
appropriate for assessing the quality of the clustering results.

Silhouette Score menunjukkan tingkat kesesuaian suatu titik terhadap cluster tempatnya berada
dan dibandingkan dengan cluster terdekat lainnya [19]. Koefisien siluet untuk setiap data i dihitung
menggunakan Persamaan (3):

.\ _ bD-a®d
s(@) = max(a(i), b(i)) (3)

In this calculation, a(i) indicates the average distance between data point i and all other points
located in the same cluster, thus describing the level of closeness within the cluster. Conversely, the
value of b(i) indicates the average of the smallest distance between data point i and other points in
the closest cluster, thus describing the level of separation between clusters. All Silhouette Score values
are obtained by calculating the average value of s(i) from all data points in the dataset. Silhouette
Scores range from -1 to 1. Values closer to 1 indicate that a data point has a valid match with its cluster
and is well separated from other clusters. Values closer to 0 indicate that the point is located in the
border area between clusters. Meanwhile, values below 0 indicate that the data is likely placed in an
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inappropriate cluster. Therefore, a larger Silhouette Score value is used in this study as a sign that the
clustering results have better quality with a clear level of separation.

The Davies-Bouldin Index (DBI) is used to measure the quality of clustering results by looking at two
main factors, namely the level of data compactness and the level of separation from other clusters [18].
The DBI calculation is based on the relationship between distribution within a cluster and the distance
between cluster centers, which is shown in Equation (4):

DBI =¥ max j # l(%:) 4)

In this calculation, the number of clusters formed is indicated by k . The average distance between

cluster members i and the cluster centroid is indicated by Si, and is used to indicate the level of cluster

cohesion. Mij indicates the distance between the centroid of cluster i and the centroid of cluster j,
indicating the degree of separation between clusters.

Each cluster is calculated by comparing the ratio (Si + Sj)/Mij to all other clusters. The highest
ratio is then selected because it indicates the highest level of similarity with other clusters. The DBI
value is then obtained by averaging all maximum ratios across all clusters.

Unlike the Silhouette Score, which has a specific value range, the DBl does not have a specific
maximum value. A small DBI value indicates good clustering quality because it is denser and more
clearly separated. A high DBI value indicates a significant distribution of data within the cluster.

The Silhouette Score and DBI are used together to obtain a more comprehensive picture of the
quality of clustering results. The Silhouette Score is used to measure the accuracy of each data point's
location within its cluster by observing the comparison of its distance to other clusters, so that the
degree of separation between clusters can be clearly seen. On the other hand, the DBI is used to
measure clustering quality by considering the level of cohesion within the cluster and the distance
between one cluster and another.

Combining both metrics simultaneously allows for a more comprehensive assessment of clustering
results. If the results from both metrics differ, clustering quality cannot be assessed based on a single
metric alone. When this occurs, the presentation of the results should be supplemented by observing
the characteristics and profiles of each cluster for greater accuracy and unbiased analysis.

3.6 Comparative analysis

A comparative analysis was conducted to observe the different clustering results for each
experimental scheme tested. This study focused primarily on comparing the performance of K-Means
and DBSCAN across various datasets and measuring the extent to which the normalization techniques
impacted the clustering results.

Comparisons were made for all normalization schemes between one another, starting from the
original data, data through Min-Max normalization, and data through Z-Score normalization. These
were then applied to the two clustering algorithms used in this research, Through this analysis, the
research aims to determine which combination of methods produces the most accurate and effective
results for each dataset.

3.7 Implementation details

The entire analysis series in this study was run using Python 3.12.13 through the Google Colab
platform. Several libraries were used to facilitate various stages of data processing, namely pandas,
NumPy, and Scikit-learn 1.6.1. Pandas was used for data management and preparation, Numpy for
numerical calculations, and Scikit-learn for normalization, clustering, and measuring clustering results.

The entire analysis series used the same rules for each dataset to obtain rationally comparable
results. This process began with data cleaning, feature formation and normalization, the clustering
stage, and the evaluation of the results.

To ensure the stability of the research results, the initialization process for K-Means was set to
random values using random_state = 42 and n_init = 10, as described in section 3.4. Furthermore, to
allow for future research to be replicated and developed, all test settings used, such as parameters,
normalization methods, evaluation metrics, library versions, and testing platforms, must also be
recorded in detail.
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4. Results and Discussion

4.1 Data preprocessing results

Based on the data preprocessing results, the number of records in the two datasets experienced
different changes. In the Online Retail Il dataset, the initial data of 1,067,371 records was reduced to
1,055,238 records after removing duplicates. After handling missing values, the number of records
decreased to 812,368 records and then again to 793,609 records after removing invalid transactions.
The significant reduction in the missing value handling stage indicates that the primary problem in this
dataset stems from incomplete transaction data [2], [14], [20].

In the Translakarta dataset, the number of records remained at 37,900 records after removing
duplicates. After handling missing values, the number of records decreased to 36,893 records, then
decreased to 20,245 records after filtering out invalid transactions. In contrast to Online Retail Il, the
largest reduction in this dataset occurred due to the large number of transactions that did not meet
validity criteria. Table 1 provides a concise overview of the record redcuctions across each stage of data
cleaning.

These results indicate that the two datasets have different data quality characteristics. Retail Online
Il was more affected by missing values, while TransJakarta was more affected by invalid transactions.
Nevertheless, the cleaning process successfully produced data that was more suitable for use in RFM
feature formation, allowing the resulting customer representation to serve as the basis for clustering
analysis in the next stage

Table 1. Summary of preprocessing results on the Online Retail Il and TransJakarta datasets

" After Duplicate After Missing Value After Invalid Transaction
Dataset Initial Data R -
Removal Handling Filtering
Online Retail Il 1,067,371 1,055,238 812,368 793,609
Translakarta 37,900 37,900 36,893 20,245

4.2 RFM feature construction results

After the pre-processing stage, transaction records are converted into Recency, Frequency, and
Monetary (RFM) features, which are then used to describe customer behavior at the individual level.
This transformation is necessary because the clustering process is based on customer characteristics,
not individual transaction records [1], [2], [14].

In the Online Retail Il dataset, the RFM construction process generated 5,878 customer records.
According to Table 2, the average values for Recency, Frequency, and Monetary were 201.3319, 6.2894,
and 3,008.7548, respectively. Among these three attributes, Monetary had the largest range of values,
with a minimum value of 2.9500 and a maximum value of 608,821.6500. The significant variation in this
attribute indicates significant differences in transaction value between customers. Some customers
generate only relatively small transaction values, while others contribute significantly larger
transactions. This condition indicates an imbalance in scale between features that has the potential to
affect the clustering process, especially in algorithms that use distance calculations as the basis for
grouping.

Table 2. Descriptive statistics of RFM features on the Online Retail Il dataset

Statistic Recency Frequency Monetary
Count 5,878 5,878 5,878
Mean 201.3319 6.2894 3,008.7548

Std 209.3387 13.0094 14,731.9241
Min 1 1 2.9500
25% 26 1 345.1150
50% 96 3 887.3900
75% 380 7 2,298.0050
Max 739 398 608,821.6500

In the Translakarta dataset, the RFM construction process resulted in 1,356 customer records.
Based on Table 3, the average values of Recency, Frequency, and Monetary were 7.0597, 14.9299, and
73,451.6962, respectively. Compared to the Online Retail Il dataset, a lower Recency value indicates
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that TransJakarta customers tend to make transactions within a timeframe closer to the observation
period. Furthermore, a relatively high Frequency value indicates a more repetitive service usage
pattern. However, the Monetary attribute still has a fairly wide range of values, from 3,500.000 to
800,000.000. This variation indicates a significant difference in the accumulated transaction value
between customers. Similar to the Online Retail Il dataset, significant scale differences in the Monetary
attribute have the potential to affect clustering results if the data is used without a normalization
process.
Table 3. Descriptive statistics of RFM features on the Translakarta dataset

Statistic  Recency Frequency Monetary
Count 1,356 1,356 1,356
Mean 7.0597  14.9299 73,451.6962

Std 6.6726 17.3683 137,191.4319
Min 1 1 3,500.0000
25% 2 2 7,000.0000
50% 3 3 14,000.0000
75% 12 40 140,000.0000
Max 30 40 800,000.0000

Overall, the RFM construction process successfully transformed transaction data analysis into
customer representations ready for clustering. The Online Retail Il dataset contains transactions with a
wide range of values, in contrast to the TransJakarta dataset, where service usage tends to be more
regular and repetitive. Despite their different characteristics, both datasets display a much larger range
of Monetary values compared to Recency and Frequency. This small scale has the potential to affect
the clustering process, especially in algorithms that rely on distance calculations [11]. Therefore, the
next stage applies several normalization methods to mitigate the effect of feature scaling on the quality

of the resulting clusters.

RFM Feature Distribution Before Normalization RFM Feature Distribution Before Normalization
on the Online Retail Il Dataset on the Transjakarta Dataset
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Figure 2. Boxplot distribution of Recency, Frequency, and Monetary (RFM) features before
normalization in (a) the Online Retail Il dataset and (b) the TransJakarta dataset.

4.3 Data Normalization Scenario Results

Based on the characteristics of RFM features that have different value ranges between attributes,
three data scenarios were applied to the Online Retail Il and TransJakarta datasets, namely without
normalization, Min-Max normalization, and Z-Score normalization. The application of these three
scenarios aims to evaluate the effect of feature scaling on clustering results. The difference in scale is a
concern because algorithms such as K-Means and DBSCAN use distance information in the cluster
formation process, so that attributes with a larger value range can have a more dominant influence
[21]. This condition is commonly found in RFM data, especially in Monetary attributes which often have
a much larger value range than other attributes [11].

In the unnormalized scenario, the original values of each attribute are retained so that the data
characteristics remain unchanged. This scenario was used as a reference for comparing clustering
results with the normalized data. Based on Figure 2, the Monetary attribute in both datasets has a much
larger range of values than Recency and Frequency. Large differences in feature scales can cause
monetary attributes to have a stronger influence during the clustering process.
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Toreduce the scale gap between features, RFM data was normalized using the Min-Max and Z-Score
methods [22]. Min-Max normalization transforms feature values into a range of 0 to 1, while Z-Score
normalization adjusts values based on the mean and standard deviation of each feature. Examples of
the transformation results using both normalization methods for the Online Retail Il and Translakarta
datasets are presented in Table 4.

Table 4. Example of RFM feature transformation under Min-Max and Z-Score normalization scenarios

Dataset Original RFM Mln-Ma)f Z-Score Normalization Interpretation
Values Normalization
Min-M | Il feat
Recency = 326, Recency = 0.4404, Recency = 0.5956, . Ir? axplaces altiea L{res
. . within the 0-1 range, while Z-
Online Retail Frequency =12, Frequency = Frequency =
Score shows that the Monetary
1 Monetary = 0.0277, Monetary 0.4390, Monetary value is far above the dataset
77,556.46 =0.1274 =5.0607
average.
Recency = - Min-Max shows that
Recency =3, Recency = 0.0690, 0 6082 Frequency reaches the
Translakarta Frequency = 40, Frequency = Fre ) uenc, B maximum observed value,
Monetary = 1.0000, Monetary q V= while Z-Score shows the
1.4440, Monetary K .
140,000 =0.1714 - 0.4853 relative position of each

feature from its mean.

Based on Table 4, Min-Max normalization successfully transformed all RFM attributes into a uniform
value range, reducing the scale differences between features. Meanwhile, Z-Score normalization
describes the relative position of a value relative to the average of the corresponding feature. For
example, the Monetary attribute in the Online Retail Il dataset has a Z-Score of 5.0607, indicating that
it is well above the average for Monetary. In the TransJakarta dataset, the Frequency value reached
1.0000 after Min-Max normalization, indicating that this data has the highest frequency value in the
dataset.

Based on the transformation results, Min-Max and Z-Score normalization successfully reduced the
scale differences between RFM attributes, especially for the Monetary attribute which has the largest
value range. However, equalizing the feature scales does not automatically result in better cluster
quality. The effect of normalization can vary depending on the data characteristics and the algorithm
mechanism used. Therefore, the three data scenarios, namely without normalization, Min-Max
normalization, and Z-Score normalization, were then used in the clustering process using K-Means and
DBSCAN to compare the quality of the resulting clusters in each condition.

4.4 Clustering results using K-Means
This section presents the clustering result obtained using the K-Means algorithm on the datasets
analyzed in this study.

4.4.1 K-Means results on the Online Retail Il dataset
To determine the optimal number of clusters, values of k ranging from 2 to 10 were tested. The
Silhouette Score was then used to evaluate the quality of each clustering configuration [23].

Silhouette Score K-Means - RFM Raw

silhouette Score

2 3 4 5 6 7 8 9 10
duster

Figure 3. Silhouette score vs. number of clusters on the Online Retail dataset
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Figure 3 shows the Silhouette Score values for various numbers of clusters across all normalization
scenarios. In all three scenarios, the highest value was obtained when k = 2. As the number of clusters
increased, the Silhouette Score tended to decrease, indicating that the cohesion and separation
between clusters became less optimal. These results indicate that customer patterns in the Online
Retail Il dataset are more accurately represented by two main segments. Detailed evaluation results
are presented in Table 5. The RFM data without normalization performed best with a Silhouette Score
of 0.9845 and a Davies—Bouldin Index (DBI) of 0.3279. These values indicate that members within the
same cluster share similar characteristics, while differences between clusters remain clear. The data
normalized using Min-Max resulted in a Silhouette Score of 0.7225 and a DBI of 0.4304. Meanwhile, Z-
Score normalization resulted in a Silhouette Score of 0.8958 and a DBI of 0.7450. Based on the DBI
criterion, a lower value indicates more compact and well-separated clusters [11].

Although the optimal number of clusters remained the same, evaluation results showed differences
between normalization scenarios. This is due to the Monetary attribute, which has a much larger range
of values than Recency and Frequency, making it more dominant in distance calculations in the raw
data. Normalization balanced the scales of the three attributes, reducing the dominance of Monetary,
and causing changes in cluster composition and evaluation scores. However, the overall segmentation
pattern still produced the same optimal solution. A similar effect of feature scaling on distance-based
clustering methods has also been reported in previous research. [14].

Table 5. Best K-Means results on the Online Retail Il dataset

Scenario Number of Clusters Silhouette Score DBI
Raw 2 0.9845 0.3279

Min-Max 2 0.7225 0.4304

Z-Score 2 0.8958 0.7450

4.4.2 K-Means results on the TransJakarta dataset

For the TransJakarta dataset, Silhouette Scores were evaluated for k values ranging from 2 to 10,
as shown in Figure 4. This metricis used to identify cluster configurations with the best balance between
cluster cohesion and separation, where higher values indicate better clustering quality.

Silhouette - RFM Raw

2 3 4 5 6 7 8 9 10
Cluster

Figure 4. Silhouette score vs. number of clusters on the Translakarta dataset

In Figure 4, the Silhouette Score fluctuates across different k values, indicating that the clustering
performance is more sensitive to the choice of k, compared to the Online Retail Il dataset. The best
results on the TransJakarta dataset are obtained at higher k values, indicating a more diverse customer
behavior pattern. Therefore, these two values were used as the most appropriate number of clusters
for each scenario. A summary of the clustering results for each normalization scenario is shown in Table
6. For the unnormalized RFM data (Raw RFM), the most optimal configuration was obtained when the
number of clusters was set at 10, resulting in a Silhouette Score of 0.9683 and a DBI of 0.1753. These
results indicate that the formed clusters have a high degree of cohesion and clear separation between
clusters. On the other hand, the application of Min-Max normalization produced the best performance
at k = 9 with a Silhouette Score of 0.8662 and a DBI of 0.2047. Meanwhile, Z-Score normalization also
produced an optimal number of clusters of 9, with a Silhouette Score of 0.8767 and a DBI of 0.2000.
We also checked the validity of the clustering outcome using another internal clustering validation
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index known as Davies—Bouldin Index (DBI). This index rates clusters based on their compactness; the
lower the score, the better the clustering result [19], [24], [25].

The results indicate that normalization influenced not only clustering quality but also the optimal
number of clusters identified in the Translakarta dataset. These findings also support the fact that
feature scaling affects the performance of clustering especially with distance based algorithms like K-
Means where features with different scales can distort the distance computations [12].

Table 6. Best K-Means results on the TransJakarta dataset

Scenario  Number of Clusters  Silhouette Score DBI
Raw 10 0.9683 0.1753

Min-Max 9 0.8662 0.2047

Z-Score 9 0.8767 0.2000

4.5 Discussion of K-Means results across scenarios

Although the raw RFM data yielded the highest Silhouette Score, these results should be interpreted
with caution. Table 2 shows that the Monetary attribute has a significantly larger range of values than
Recency and Frequency. Because K-Means relies on Euclidean distance, attributes with larger numerical
scales contribute more to the distance calculation. Consequently, customer segmentation in the raw
dataset may be influenced primarily by spending behavior rather than by a balanced combination of all
RFM dimensions. Several previous studies have revealed that differences in scale between features can
affect the structure of the formed clusters and the evaluation value in distance-based clustering
methods [11], [12], [13]. Therefore, the very high Silhouette Score (0.9845) obtained from the raw
Online Retail Il dataset needs to be interpreted with caution. This value does not necessarily reflect a
more meaningful customer segmentation because Monetary attributes have a much larger range of
values and allow for the dominance of distance calculations between data.

The application of Min-Max and Z-Score normalization reduces the scale differences among RFM
attributes. While the evaluation score decreases after normalization, the contributions of Recency,
Frequency, and Monetary become more balanced during cluster formation [14]. The shrinkage of the
evaluation score reflects the more balanced contributions of all RFM attributes after normalization.
Here, it is seen that a lower evaluation score does not necessarily indicate a worse segmentation
quality, but rather reflects a more even merging of the clustering structure across all RFM dimensions.
Similar observations have been reported in previous studies, which emphasized that normalization can
change the cluster structure and evaluation results by reducing the dominance of large-scale features

(2], [5].

4.5.1 Customer segment profile analysis
Figure 5 presents the average RFM values of the two clusters generated by K-Means.

Snake Plot of Customer Segments (Online Retail 11)

10

[X:]

0.6

—e— Cluster 0
Cluster 1

Normalized Mean Value

recency frequency monetary
RFM Metrics

Figure 5. Snake plot of average normalized RFM values for customer segments in the Online Retail Il
dataset

Based on Figure 5, Cluster 0 consists of customers with high Recency values (92.70 days), low
Frequency (4.17 transactions), and low Monetary Value (1,733.85). In contrast, Cluster 1 has low
Recency values (6.25 days), high Frequency (61.13 transactions), and high Monetary Value
(172,453.10). The quite clear differences in these three attributes indicate that k = 2 can distinguish
customers with different activities and transaction values in the Online Retail Il dataset.
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A similar segmentation pattern was also observed in the TransJakarta dataset. In both datasets, K-
Means successfully separated customers based on their activity level and transaction value. Customers
in one cluster tended to have lower transaction frequency and monetary value, while customers in the
other cluster exhibited higher activity and spending behavior. These results demonstrate that K-Means
can consistently identify meaningful differences in customer behavior across datasets.

4.6 Clustering results using DBSCAN
The clustering performance of the DBSCAN algorithm is evaluated using two different datasets. The
results for each dataset are presented in the following subsections.

4.6.1 Clustering Results on the Online Retail Il Dataset

The best clustering results for the Online Retail Il dataset were obtained after data normalization
using Z-Score and the application of DBSCAN parameters with eps = 1.0 and min_samples = 3. This
process resulted in three data clusters. Based on the evaluation results, the resulting clustering had a
Silhouette Score of 0.8036 and a DBI value of 2.1800. These results also indicate that parameter
selection influences the clustering process. At eps = 1.0 and min_samples = 3, DBSCAN can identify
areas with higher densities than the normalized data and separate them into three clusters. Using a
smaller eps value tends to result in fragmented clusters or increase the amount of data identified as
noise. Conversely, a larger eps value often causes observations to be grouped into one cluster, thus
reducing the effectiveness of the clustering process.

A Silhouette Score of 0.8036 indicates that the separation between clusters was fairly good. On the
other hand, the DBI value remained relatively high at 2.1800, showing that the data points within each
cluster were still quite diverse. As a result, the clusters could be distinguished from one another, but
their internal structure was not entirely compact. This condition may be related to the wide range of
transaction values present in the dataset [1], [18].

Only the best result is discussed in this section because the comparison was carried out across all
normalization scenarios. From the three scenarios tested, valid clusters were obtained only in the Z-
Score normalization scenario. In the RFM Raw and Min-Max scenarios, most of the clustering results
consisted of a single cluster, while several configurations produced undefined Silhouette Score values
(NaN), making the evaluation metrics unavailable.

These results show that the performance of DBSCAN on the Online Retail Il dataset was highly
influenced by the scaling of the input features. When the differences in feature values were too large,
the density patterns required by DBSCAN became more difficult to identify. This explains why
meaningful clustering structures were not formed in several scenarios without appropriate
normalization.

Table 7. Best DBSCAN results on the Online Retail Il dataset

Scenario  Number of Clusters  Silhouette Score DBI eps min_samples
Z-Score 3 0.8036 2.1800 1.0000 3

4.6.2 Clustering Results on the TransJakarta Dataset

The test results show that the DBSCAN algorithm is able to form valid clusters in all normalization
scenarios applied to the TransJakarta dataset. On RFM data without normalization, the best results
were obtained when using the parameters eps = 2.0 and min_samples = 3. With this combination of
parameters, DBSCAN produced 20 clusters and 6 noise points. The evaluation results showed a
Silhouette Score of 0.9614 and a Davies-Bouldin Index (DBI) of 0.3638. Although the Monetary attribute
has a wider range of values compared to Recency and Frequency, eps = 2.0 can still detect data density.
This is indicated by the elbow point on the k-distance graph that is located around this value, therefore
DBSCAN can be used as a suitable area. Furthermore, transactions on TransJakarta are also more similar
because they use relatively similar fares. This results in local density patterns still being detectable
despite the different scales between features.

This is reflected in the formation of 20 clusters and the high silhouette score obtained in the raw
data scenario. Therefore, the selected eps value appears to be sufficient to capture dense regions in
the TransJakarta dataset despite differences in feature scale. The high Silhouette Score value followed
by a relatively low DBI value indicates that the formed clusters have a good level of synchronization and
fairly clear boundaries between clusters. However, the presence of several noise points indicates that
there are some data that are not included in any cluster [1], [18].
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When Min-Max normalization was applied, the clustering changed. DBSCAN then created three
clusters with no noise points, giving a Silhouette Score of 0.7822 and a DBI of 0.2172. Surprisingly, while
the clusters were less separated, they were more compact based on the DBI value. This result suggests
that Min-Max normalization reduced the effect of large-scale attributes, allowing observations with
similar characteristics to be grouped more closely.

As a result, cluster compactness improved, although separation between clusters was lower than in
the raw data scenario.

After applying Z-Score normalization, the clustering results formed only two clusters. The Silhouette
Score decreased to 0.7035, while the DBI increased to 0.2419. While these metrics are not significantly
better than before, these results are still sufficient to describe the data patterns. The smaller number
of clusters indicates that the data has become more concentrated after normalization, resulting in a
simpler clustering structure. Furthermore, the influence of extreme values is also reduced in the
clustering process.

Thus, the normalization scheme affects the number of clusters generated by DBSCAN. However, a
valid clustering structure is obtained in all scenarios. The density patterns in the TransJakarta dataset
remain quite distinguishable despite changes in feature scaling. Despite the differences in
evaluation scores, DBSCAN was still able to produce valid clustering structures across all preprocessing
scenarios.

Table 8. Best DBSCAN results on the TransJakarta dataset

Scenario Number of Clusters Silhouette Score DBI eps min_samples Noise
Raw 20 0.9614 0.3638 2.0000 3 6

Min-Max 3 0.7822 0.2172 0.5000 3 0

Z-Score 2 0.7035 0.2419 3.0000 3 0

4.7 Discussion of DBSCAN results across normalization scenarios

Tests conducted on both datasets show that the data characteristics and the parameter settings for
eps and min_samples have an impact on the DBSCAN results [17]. These results are in line with the
research of Bushra et al. [7] which explains that DBSCAN is susceptible to changing parameters. They
reported that DBSCAN is highly sensitive to the choice of parameters eps and minPts. DBSCAN forms
clusters based on data density, determined by the parameters eps and minPts. Therefore, changes in
feature scale can alter the density patterns in the dataset, ultimately affecting the clustering results and
evaluation scores obtained. This observation is consistent with the results of Online Retail Il, where
valid clusters were obtained only after applying Z-Score normalization and selecting an appropriate
parameter configuration.

The differences in data distribution and density in the two datasets cause different clustering
results because DBSCAN forms clusters based on data density. Therefore, the quality of the cluster
results obtained is directly influenced by the changing distribution patterns [16], [18].

In the Online Retail Il dataset, the best performance was achieved after data normalization using

the Z-Score method with an eps value of 1.0 and a min_samples value of 3. Based on this configuration,
DBSCAN formed three clusters with a Silhouette Score of 0.8036 and a DBI of 2.1800. The relatively high
Silhouette Score indicates that objects in each cluster have a good level of similarity and are quite
separate from other clusters. However, the relatively high DBI values indicate that data variation within
the clusters is not completely reduced [1], [18]. Furthermore, the results indicate that changing the
normalization method affects clustering quality. The above explanation shows that the normalization
process plays a role in forming data density patterns. Data density is then used by DBSCAN to determine
clusters [26]. The results show that DBSCAN is more sensitive to feature scaling than K-Means on the
Online Retail Il dataset. Without normalization, large differences in the scale of RFM attributes can
allow for deviations in the data density distribution, making it difficult for DBSCAN to identify
meaningful dense regions.

On the other hand, in the Raw and Min-Max schemes, DBSCAN tends to produce a single, vague
cluster. This indicates that the data density patterns cannot be clearly separated. This result indicates
that changes in feature scale make it difficult for DBSCAN to form valid clusters.

The DBSCAN algorithm on the TransJakarta dataset produced valid clusters across all normalization
schemes. The highest Silhouette Score was obtained for the original data, with a score of 0.9614 and a
DBI of 0.3638. However, the results were divided into 20 clusters with some noise, resulting in a
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somewhat fragmented structure. This demonstrates that accurate segmentation results are not always
due to a high evaluation score.

Furthermore, DBSCAN produced three noise-free clusters after Min-Max normalization, with a
Silhouette Score of 0.7822 and a DBI of 0.2172. Using the Z-Score scheme, two clusters were formed,
with a Silhouette Score of 0.7035 and a DBI of 0.2419. Despite the decrease in the Silhouette Score, the
clustering results appeared neater and less fragmented.

In general, evaluation scores are not always improved through normalization, but rather tend to
update the cluster structure to make it more stable and easier to summarize. The results of the research
that has been conducted also support the results of previous research which explains that
normalization plays a greater role in forming clusters, not only making the evaluation metric value
increase immediately [13], [27].

The essence of this research is to prove that different feature scales and how the distribution of
data density is formed can affect the performance of DBSCAN. Clusters in the Online Retail Il dataset
that met the evaluation criteria could only be obtained after Z-Score normalization, meaning that
cluster structure formation could be disrupted by differences in feature scale.

In the Translakarta dataset, the clustering results were valid across all normalization schemes. This
indicates that the data distribution is more stable and therefore less susceptible to changes in feature
scale.

From these results, it can be concluded that normalization does not always improve evaluation
scores. Its effect depends heavily on the combination of dataset characteristics, scaling method, and
DBSCAN's eps and min_samples parameter settings. Therefore, careful selection of normalization
techniques, eps values, and min_samples values is necessary to obtain meaningful clustering results
that accurately reflect the underlying data structure [6], [18], [25].

4.8 Comparative analysis of K-Means and DBSCAN
The test results show various differences when applying K-Means and DBSCAN to RFM data. Before

carrying out the clustering process, most K-Means have determined the number of clusters so that it
obtains a more stable clustering. Finally, the formed cluster structure becomes more stable, especially
when the data has a nearly uniform distribution [6].

On the one hand, the test results also show one drawback of K-Means that was noticed during the
test, namely that there is no procedure related to separating data that deviates from the main cluster.
All existing data will remain placed in one of the existing clusters, including observations that can be
considered outliers, and ultimately the clustering results obtained are affected by the presence of
extreme data.

The DBSCAN procedure differs from K-Means in that the cluster formation process is based on the
level of data density, not a predetermined number of clusters [15]. With this approach, the algorithm
can detect areas with high data concentration, while simultaneously separating sparsely distributed
data and classifying it as noise if necessary. On the TransJakarta dataset, this approach shows fairly
consistent clustering performance. Various configurations tested can obtain high Silhouette Score
values and minimal DBI values. This indicates that the formed clusters have fairly clear boundaries and
denser and more similar cluster members [6], [18].

No similar conditions were found in the Online Retail Il dataset. During the testing process, valid
clustering results were only obtained with certain parameter settings. Meanwhile, several other
parameter settings failed to produce good-quality clustering. This indicates that DBSCAN's performance
is more susceptible to changes in data distribution, and therefore, more careful clustering parameter
settings are essential to obtain optimal clustering results that can be used for analysis.
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Table 9. Overall Summary of Clustering Results

Dataset Scenario  Algorithm Number of Silhouette DBI Notes
Clusters Score
. . Highly separated clusters; however,
OnllnTIRetall Raw K-Means 2 0.9845 0.3279 unnormalized data may introduce
scale bias
Online Retail Min- K-Means ) 0.7225 0.4304 Clgster quallty'decrea'ses.due: to
Il Max uniform rescaling of distribution
Online Retail Z-Score K-Means ) 0.8958 0.7450 Flusters are relatlvely stable, but
Il inter-cluster separation weakens
Translakarta Raw K-Means 10 0.9683 01753  Well-formed clusters, but a higher
number of clusters tends to emerge
Translakarta """ K- Means 9 08662 02047  Morebalanced clusters after Min-
Max Max normalization
Translakarta ~ Z-Score  K-Means 9 08767 02000 bl results with good intra-cluster
compactness
Online Retail Z-Score DBSCAN 3 0.8036 21800 DBSFAN successfully fo::ms cIusters,
Il yet high intra-cluster variance persists
Translakarta  Raw DBSCAN 20 09614  0.3638 Clusters are highly distinct, but
sensitive to eps parameter settings
Translakarta M- DBSCAN 3 0.7822 02172  More compact clusters with minimal
Max noise
Translakarta  Z-Score  DBSCAN 2 0.7035 0.2419 Simpler cluster structure with

reduced data complexity

The results of this study reinforce several previous studies that explain that the feature scaling
process can impact clustering performance, particularly in algorithms that use distance calculations as
the basis for clustering [11], [12]. Several studies related to RFM-based customer segmentation also
show that clustering techniques can effectively divide customer groups based on transaction patterns
[1], [5], [9], [14]. However, most previous studies focused primarily on segmentation results, clustering
algorithm comparisons, or the use of a single dataset [1], [5], [9].

This study attempts to provide a different approach by comparing the performance of RFM data
without normalization, Min-Max normalization, and Z-Score normalization using two datasets with
different transaction characteristics and two clustering algorithms. The clustering results obtained from
both datasets indicate that normalization does not always produce better performance. In some
experiments, particularly those involving K-Means, the original data yielded higher Silhouette Scores
and lower Davies-Bouldin Index values than the normalized versions. This finding suggests that the
clustering structure present in the raw data is sufficient to support cluster formation without additional
scaling.

When DBSCAN was applied, the clustering results obtained differed from those obtained with K-
Means. The DBSCAN clustering results showed that each normalization scheme had greater changes
and its performance was more susceptible to changes that occurred in the data after the pre-processing
stage. This can be seen in the Online Retail Il dataset, where when using Z-Score normalization, clusters
that met all evaluation criteria were successfully obtained. Meanwhile, with other normalization
methods, DBSCAN struggled to form clusters with adequate quality. These results indicate that
DBSCAN's success is greatly influenced by the distribution and density of the data formed after the pre-
processing stage is completed.

Test results show that the benefits of normalization in the clustering process vary across problems.
The effect of normalization on clustering quality can vary depending on the characteristics of the
dataset being analyzed and the algorithm used. Therefore, it is recommended that pre-processing
stages not be applied with the same approach. Adjustments to the dataset's conditions when selecting
the appropriate technique are necessary for more accurate clustering results.
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The results of this study help address the problem discussed in the Introduction, namely the limited
research comparing the effects of several normalization methods on datasets with different transaction
characteristics and the use of different clustering algorithms. The test results indicate that clustering
quality is influenced by a combination of data characteristics, normalization methods, and the
algorithm used.

During the testing process, the algorithm that produced valid clustering results across all datasets
and normalization schemes was K-Means. This indicates that K-Means tends to be more stable over
changing data scales. However, because each data item must be assigned to a cluster, K-Means lacks a
specific method for distinguishing outliers or noise.

In contrast, DBSCAN differs in that it can automatically detect and separate noise without requiring
an initial number of clusters. However, clustering results are more dependent on the selected
parameters and data distribution patterns. This can be seen in the Online Retail Il dataset, where
clustering results that met the evaluation criteria were only found in the Z-Score normalization
scenario. Meanwhile, in the TransJakarta dataset, all normalization schemes produced valid clusters.

Overall, the research results show that K-Means is superior in terms of clustering stability across
various data conditions. Conversely, DBSCAN is superior in handling noise and outliers, but requires
more careful parameter selection because the characteristics of the dataset used affect the quality of
the clustering results.

5. Conclusion

The results show that the effect of normalization on RFM-based customer segmentation depends
on both dataset characteristics and the clustering algorithm used. In K-Means, the best clustering
performance was achieved on raw data for the Online Retail Il dataset, whereas normalization
contributed to a more balanced representation of RFM attributes. In contrast, DBSCAN was more
sensitive to feature scaling, resulting in different clustering structures across normalization scenarios.
These findings highlight the important role of normalization in shaping cluster structures rather than
consistently improving clustering evaluation metrics.

This study contributes empirical evidence that the effectiveness of normalization in RFM-based
customer segmentation is both dataset-dependent and algorithm-dependent. By comparing three
preprocessing scenarios (raw, Min-Max, and Z-Score normalization) across two datasets with different
transaction characteristics and two clustering algorithms (K-Means and DBSCAN), the results provide
practical guidance for selecting appropriate preprocessing strategies in customer segmentation
applications. Nevertheless, this study is limited to two datasets, two normalization methods, and two
clustering algorithms. Future research may investigate additional preprocessing techniques, such as
logarithmic transformation and robust scaling, as well as alternative clustering methods, including
HDBSCAN, Gaussian Mixture Models, and Spectral Clustering, using datasets from broader domains.
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