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 The rapid development of information technology has driven major transformations 

in the digital business sector, particularly e-commerce. Consumers who shop at e-

commerce sites generally have different characteristics, behaviors, and needs. 

Analyzing the behavior of each consumer is difficult to do manually, requiring an 

automation system that can help identify consumer behavior patterns adaptively. 

However, most customer segmentation approaches still rely on batch learning 

methods based on static data, making them unable to quickly adapt to changes in 

user behavior. This study aims to design a streaming data pipeline based on Online 

Machine Learning (OML) integrated with the Density-Based Clustering for Data 

Streams (DBSTREAM) algorithm to produce adaptive e-commerce user 

segmentation. The system was developed using Python with RabbitMQ as a real-

time data stream simulator, MongoDB for storing results, and Streamlit as a 

visualization interface. The clustering process was performed incrementally using 

DBSTREAM, then stabilized through Hierarchical Agglomerative Clustering 

(HAC) to avoid over-segmentation. Evaluation using the Silhouette Coefficient and 

Davies-Bouldin Index (DBI) shows that the optimal model for the cluster threshold 

is in the range of 0.6 to 0.8 and for the fading factor is 0.0005 or even smaller, such 

as 0.0003. The evaluation results obtained a Silhouette value of -0.1125 and a DBI 

of 0.2796. These results prove that DBSTREAM-based OML integration is capable 

of forming consumer behavior segmentation efficiently and adaptively to continuous 

and real-time changes in streaming data. 
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I. INTRODUCTION 

The rapid development of information technology has 

driven major transformations in the digital business sector, 

particularly e-commerce, which has grown to become one of 

the fastest-growing industries in the world [1]. Increased 

internet penetration and global digitalization have led to 

projections that the e-commerce industry will reach a market 

value of USD 5.4 trillion by 2025 [2]. These dynamics place 

consumers at the center of business strategy, where a deep 

understanding of user behavior is key to a company's 

competitive advantage [3], [4]. 

Consumers who shop at e-commerce sites generally have 

different characteristics, behaviors, and needs. Analyzing 

consumer behavior one by one is a problem for companies, so 

an approach is needed to simplify the identification of 

consumer behavior patterns [3]. Research on consumer 

segmentation in e-commerce has been conducted extensively 

using various algorithmic approaches. Hafidz Ardana 

[5]applied K-Means clustering to segment online sales 

customers and produced two main groups that describe 

differences in transaction levels, but there are still obstacles 

in this study. Hossain [6] compared centroid-based clustering 

with density-based clustering and concluded that DBSCAN is 

more effective in identifying unusual consumer behavior than 

K-Means, which is still used in this study. 

However, the commonly used consumer behavior analysis 

approach still relies on static data and batch processing 
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methods. This method has significant limitations, namely, it 

is unable to respond to changes in user behavior in real-time, 

requires full retraining every time new data appears, and is 

inefficient in handling large amounts of data that continue to 

grow [7]. The research by [8] focused on streaming machine 

learning algorithms using online versions of Support Vector 

Machines (SVM) and K-Means on various big data systems, 

with the result that Twister2 had the lowest latency among the 

platforms tested. Meanwhile, [9] developed Clustering of 

Evolving Data Streams via a Density Grid-based Method 

(CEDGM), which improves the quality of data stream 

clustering by relying on core micro-clusters as a 

representation of dynamic data, though this approach still 

faces challenges in maintaining clustering quality over 

extended periods with varying data densities. 

In fact, e-commerce user behavior data is massive, diverse, 

and dynamic, influenced by product preferences, shopping 

habits, and ever-changing market trends [10]. [11] presented 

a comprehensive survey on data stream clustering, 

emphasizing the major challenges in handling unlimited data, 

concept drift, and the need for fast processing with memory 

limitations. These conditions indicate a research gap in the 

provision of adaptive analytical models in streaming data 

environments. 

To overcome these challenges, the Online Machine 

Learning (OML) approach is considered relevant because it 

can update models incrementally without requiring full 

retraining. In a more specific study, [12] introduced 

DBSTREAM, a density-based clustering algorithm designed 

for streaming data. This method overcomes the weakness of 

DBSCAN in maintaining density information between micro-

clusters by utilizing a shared density graph, resulting in more 

accurate and efficient clustering. The study shows that the 

density-based approach in streaming data environments offers 

advantages over traditional methods, especially in detecting 

changes in data distribution. The integration of OML with the 

Density-Based Clustering Algorithm Designed for Use with 

Data Streams (DBSTREAM) provides opportunities to build 

adaptive consumer segmentation systems, including detecting 

non-linear patterns and identifying user groups with unique 

characteristics. 

From a series of previous studies, it appears that although 

various methods have been developed, there is still a need for 

adaptive, efficient consumer segmentation models that are 

capable of operating in real time, particularly with the 

integration of OML, streaming data, and the DBSCAN 

algorithm. This study designs an OML-based e-commerce 

user segmentation system integrated with a real-time data 

streaming pipeline. The methods used involve incremental 

data flow pipeline simulation, DBSTREAM-based clustering 

processing, and evaluation using the Silhouette Coefficient 

and Davies-Bouldin Index (DBI) metrics. The main 

contribution of this research is to present an adaptive 

segmentation model that not only contributes to academic 

studies on the application of OML in streaming data but also 

offers practical solutions for the e-commerce industry to 

understand consumer behaviour in a more dynamic, efficient, 

and contextual manner. 

 

II. METHODS 

This research will be conducted gradually and sequentially 

in a systematic manner as illustrated in Figure 1 below. The 

research will be conducted experimentally using real data 

from one of the largest e-commerce platforms in China. 

 

 
Figure 1. Research flow for the development of the OML system 

In Figure 1, the initial stage of the research begins with 

conducting a series of literature studies from various relevant 

sources such as journal articles and books. After the e-

commerce user data is obtained, the OML system design 

process will be carried out with streaming data. All system 

designs will be developed using the Python programming 

language and supporting libraries. The tools used in 

developing this system are RabitMQ, which simulates real-

time streaming data, and MongoDB for the database. 

The result of this system is a dashboard that contains all 

clustering results from the OML process, such as clustering 

result visualizations, processed data, and clustering data with 

features that have been processed for clustering result 

analysis. After the system creation process that has produced 

clusters, the clustering results will be evaluated to see how the 

OML system performs in processing data incrementally and 

in real time. The resulting clusters will then be analyzed 

further. 

All testing will be carried out using the following hardware 

and operating system specifications. The system operates on 

Windows 11 and runs on an MSI Modern 14 C12MO laptop. 

It is powered by a 12th Gen Intel(R) Core(TM) i7-1255U 

processor with a base speed of 1.70 GHz, supported by 16 GB 

of RAM to ensure smooth computational performance. The 

device is equipped with a 512 GB SSD, providing fast data 

access throughout the testing process. Additionally, the laptop 

features an Intel(R) Iris(R) Xe Graphics GPU, which supports 

graphical processing needs during the execution of the tests.  

A. Data Collection 

The data used in this study was sourced from the Taobao 

User Behavior Data for Recommendation dataset, which is 

publicly available through the Alibaba Cloud Tianchi 

platform at https://tianchi.aliyun.com/dataset/649. This 

dataset is one of the largest and most comprehensive e-

commerce datasets provided by the Alibaba Group for 
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research and recommendation system development purposes. 

This dataset contains 100 million Taobao e-commerce user 

data, with a random selection of approximately one million 

users who have various types of behaviors including clicks, 

purchases, and adding items to shopping carts. The attributes 

of the dataset are presented in detail in Table I. 

TABEL I 

EXPLANATION OF THE DATASET VARIABLES TO BE USED AND THE TYPE OF 

EACH VARIABLE 

Variables Explanation 

User ID Integer, serialized ID representing a user 

Item ID Integer, serialized ID representing an item 

Category ID Integer, serialized ID representing an item 

category 

Behavior 

type 

String, enumeration type from (‘pv’, ‘buy’, 

‘cart’, ‘fav’) 

Timestamp Integer, indicating user behavior time in UNIX 

timestamp format 

 
The dataset used in this study covers the period from 

November 25, 2017, to December 4, 2017, representing 10 

days of intense user activity on the Taobao platform. This 

period was strategically chosen because it covers one of the 

peak periods of e-commerce activity in China, namely the 

period after Singles' Day (11.11), known as the world's largest 

online shopping festival. 

B. Online Machine Learning 

OML is a machine learning approach designed to process 

data incrementally, so that models can be updated whenever 

new data comes in without the need for full retraining. This 

process makes OML relevant for environments with large-

scale, high-speed, and ever-growing data, such as consumer 

behavior data in e-commerce [7]. Mathematically, model 

parameter updates are performed through gradual 

optimization by adjusting weights based on the loss function 

and learning rate. This mechanism allows the model to adapt 

to data dynamics in real-time, while reducing the high 

computational costs typically associated with batch learning 

methods [13]. 

The advantage of OML lies not only in its efficiency, but 

also in its ability to accommodate concept drift, which is a 

change in data distribution over time that often occurs in real-

world data streams [14]. By processing data gradually, OML 

can maintain the relevance of predictions and segmentation 

without losing important historical information. This 

approach has been widely proposed for various streaming 

data applications, including anomaly detection, classification, 

and clustering, and in the context of this study, it was used to 

build adaptive, responsive e-commerce user segmentation 

capable of capturing dynamically changing behavior patterns. 

C. DBSTREAM Algorithm 

The DBSTREAM algorithm is a density-based clustering 

algorithm designed to handle real-time streaming data. The 

main principle of this algorithm is to group data based on local 

density by utilizing two core concepts, namely micro-clusters 

and shared density graphs (SDG). Each time new data arrives, 

DBSTREAM incrementally updates the model representation 

by adding the point to the nearest micro-cluster with sufficient 

density, or forming a new micro-cluster if none meet the 

proximity radius threshold. Through this approach, 

DBSTREAM is able to maintain a cluster structure that is 

adaptive to changes in data patterns without the need to retrain 

the entire model [12]. 

In general, the DBSTREAM process is divided into two 

main stages, namely the online stage and the offline stage. 

1) The Online stage serves to summarize the data flow that 

enters a set of micro-clusters. Each micro-cluster stores 

statistical information such as the number of points, 

centroids, and the last update time. When a new data 

point 𝑥𝑡enters, the system calculates the Euclidean 

distance between 𝑥𝑡 and each micro-cluster centroid 𝑐𝑖. 

If the distance 𝑑(𝑥𝑡 , 𝑐𝑖) < 𝜖, then the point is added to 

micro-cluster i with a mathematical update of the 

parameters in equation (1): 

 

𝑐𝑖
(𝑡+1)

= 𝑐𝑖
(𝑡)

+ 𝜂(𝑥𝑡 − 𝑐𝑖
(𝑡)

)    (1) 

 

where in equation (1) the parameter η is the learning rate 

that determines the degree of influence of new data on the 

centroid position. In addition, the micro-cluster weights 

will be updated with a fading factor mechanism to reduce 

the influence of old data over time. 

2) The Offline stage aims to form macro-clusters from a set 

of active micro-clusters by utilizing SDG. SDG is used to 

identify relationships between micro-clusters that share 

density in the data space. Two micro-clusters will be 

connected if the distance between their centroids is below 

the connectivity threshold and there is significant density 

overlap. The final clusters are then formed based on the 

connected components in the SDG, where each 

component represents a group of consistent behaviors or 

patterns. 

The main advantage of DBSTREAM lies in its ability to 

handle changes in data distribution (concept drift) through a 

fading function mechanism that automatically removes old 

micro-clusters when their weight falls below a minimum 

value. This mechanism keeps the model memory-efficient 

and adaptive to new patterns without losing historical context. 

This approach makes DBSTREAM particularly well-suited 

for large-scale data streaming applications, such as real-time 

e-commerce user behavior segmentation. 

D. System Design 

The system design developed in this study was built using 

an integrated data streaming pipeline approach from the input 

process to the monitoring stage. The system architecture is 

shown in Figure 2.  
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Figure 2. System design process flowchart 

The Producer component acts as an intermediary in 

streaming data flow simulations that represent the continuous 

input of user behavior data from the database. Data is 

retrieved based on event IDs sorted in ascending order, so that 

each new piece of data is processed sequentially according to 

the time it arrived. The selection of triggers based on event 

IDs ensures that no data is missed and that all entries with 

unique identities can be sent in a timely manner. This 

mechanism mimics the actual conditions of an e-commerce 

system that receives user behavior data continuously and 

sequentially. 

Before being fed into the system, data retrieved from the 

database first undergoes preprocessing. Behavior type 

variables are processed using encoding techniques, which are 

methods that convert categorical data into numerical 

representations so that they can be interpreted by machine 

learning algorithms [15]. This study uses an ordinal encoder, 

which assigns numerical values based on the hierarchical 

order between categories, such as view, cart, purchase, and 

favorite. This approach aims to represent user behavior 

proportionally in the form of integers that are easy for the 

model to process. 

Next, the user ID, item ID, and category ID variables are 

processed using scaling techniques to standardize the range of 

values between variables. This process is important so that 

variables with large scales do not dominate other variables 

during model learning, while maintaining numerical stability 

in the computation process [16]. This method converts time 

values into the range [0,1], maintaining the relative 

proportions between times while ensuring that all features are 

on the same scale. The timestamp variable is normalized using 

MinMaxScaler, with a mathematical formula as shown in 

equation (2): 

 

𝑥′ =
𝑥−𝑥min

𝑥max−𝑥min
     (2) 

 

Data that has undergone preprocessing will be sent in real 

time using a staged delivery mechanism. The delivery process 

is carried out in batches of 1,000 documents, which means 

that one delivery cycle consists of 1,000 pieces of data that 

are ready to be processed. Each data in the batch is sent 

individually at 0.01-second intervals to mimic the conditions 

of continuous data flow as in an actual production system. 

With this approach, the Producer not only functions as a data 

sender, but also as a realistic streaming flow simulator. 

After the data is processed at the producer stage, the data 

stream is received by the consumer for incremental and real-

time clustering using the DBSTREAM algorithm and will be 

implemented online using the River library. This algorithm 

processes each incoming data incrementally, forming new 

clusters or updating existing clusters based on the data density 

structure. This algorithm is designed to update the model 

incrementally in a partial-fit manner, rather than periodically 

in mini-batches. Each time new data is received, the model 

immediately updates the micro-cluster structure without 

waiting for a certain amount of data. The update is performed 

by directly adjusting the position of the density weight 

centroid of each micro-cluster, based on the Euclidean 

distance between the new data and the existing centroid. In 

addition to updating the centroids, the weights of each micro-

cluster are also updated using a fading function to reduce the 

influence of old data on the model. This mechanism allows 

the model to continuously adapt to changes in data patterns 

(concept drift) while maintaining computational efficiency 

because it does not require full retraining as in batch learning 

methods. This application is fully incremental, fully online, 

and works based on the principle of partial-fit per instance 

date. 

In this study, the clustering results obtained by 

DBSTREAM were further processed using Hierarchical 

Agglomerative Clustering (HAC) to combine similar and 

stable clusters at the centroid level. HAC is a hierarchical 

clustering method that works by repeatedly merging the 

smallest clusters until the desired number of clusters is 

reached or until the distance between clusters exceeds a 

certain threshold [17]. This merging process in this study was 

carried out using the Euclidean Distance approach, which 

calculates the distance between two cluster centroids using 

the formula in equation (3): 

𝑑(𝑎, 𝑏) = √∑ (𝑎𝑖 − 𝑏𝑖)2𝑛

𝑖=1
  (3) 

From equation (3), where 𝑎 and 𝑏 are the centroid vectors 

of the two clusters being compared. The use of Euclidean 

Distance allows clusters to be merged based on objective 

geometric proximity in feature space. This approach is 

applied to prevent over-clustering, a condition where the 

model produces too many clusters, resulting in biased or 

difficult-to-interpret behavior patterns. The HAC process will 
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be run periodically in the offline phase. In this application, 

HAC will be run with the same scheme as in the evaluation 

stage, where it will be run periodically every 200 data points 

processed. The final result of the HAC process is a stabilized 

macro-cluster that is then stored in a database for behavioral 

analysis, visualization, or other downstream analytics 

processes. 

From the OML process with DBSTREAM that produces 

clusters and has been processed by cluster merging using 

HAC, to test the quality of clusters produced by the model. 

The evaluation process will be carried out every time 200 data 

have been entered and stored in the data buffer. The 

evaluation includes Silhouette Coefficient and DBI. The 

Silhouette Coefficient measures how similar an object is to its 

cluster compared to other clusters. Values range from -1 

(incorrect cluster) to +1 (good cluster), with values close to 1 

indicating good cluster separation [18]. The mathematical 

process of the Silhouette Coefficient is as shown in equation 

(4): 

 

𝑠(𝑖) =  
𝑏(𝑖)−𝑎(𝑖)

max(𝑎(𝑖),𝑏(𝑖))
   (4) 

 

The description in equation (4) states that the value of 

𝑎(𝑖) is the average distance between point i and all points in 

the same cluster, and 𝑎(𝑖) is the average distance between 

point 𝑖 and all points in the nearest cluster that is not cluster 𝑖. 
DBI evaluates the ratio between intra-cluster dispersion 

(compactness) and inter-cluster distance. The smaller the DBI 

value, the better the clustering results. This matrix represents 

how dense and separate the clusters are [19]. The DBI 

evaluation calculation process is as shown in equation (5): 

 

𝐷𝐵𝐼 =  
1

𝑘
 ∑ max

𝑗≠𝑖
(

𝑆𝑖+ 𝑆𝑗

𝑀𝑖𝑗
)𝑘

𝑖=1   (5) 

Equation 5, 𝑘 is the number of clusters formed, 𝑆𝑖  is the 

average distance from all points in cluster 𝑘 to its centroid, 

and 𝑀𝑖𝑗 is the distance between the centroid of cluster 𝑖 and 

cluster 𝑗. 

After all processes from Consumer have been completed 

and the information has been stored in the database, the results 

will be further analyzed in the dashboard. This dashboard will 

display all information such as clustering result 

visualizations, processed data and clustering results, 

calculated evaluation results, and other related data 

information. 

 

III. RESULT AND DISCUSSION 

The system developed in this study has been successfully 

implemented and tested in accordance with the design 

described in the methodology section. The initial testing 

phase was conducted on the producer component, which 

functions to retrieve the latest data from the database, perform 

preprocessing, and send it in real time via RabbitMQ. Based 

on the test results shown in Figure 3, the system successfully 

displayed data that had undergone encoding and scaling 

processes and streamed it continuously to the OML process 

on the consumer side. This proves that the streaming data 

pipeline runs stably and according to design. 

 

 
Figure 3.  The producer process that has successfully collected data, 

preprocessed it, and sent it in real time using RabbitMQ. 

 

In Figure 3 above, it can be seen that the data has been 

successfully processed or preprocessed and successfully sent 

in streaming and real-time using RabbitMQ, which can then 

be continued for core OML processing in the consumer. In the 

consumer process, a series of processes have been 

successfully carried out, such as receiving data sent from the 

producer, then performing real-time and incremental 

clustering. The HAC implementation scenario used to 

combine similar clusters has also run as intended. The results 

of the OML and HAC process testing are shown in Figure 4 

below. 

 

 
Figure 4.  Logging of OML results, cluster margins, and evaluation 

Based on the logging process shown in Figure 4, each new 

piece of data that comes in is immediately processed and 

integrated into the model. The HAC process used to combine 

similar micro-clusters also runs as it should. The evaluation 

results show that for the 400th data point, the Silhouette value 

was 0.375 and the DBI was 7.226, while for the 600th data 

point, the Silhouette value decreased to 0.302 and the DBI 

improved to 3.27. This pattern shows that the model is able to 

adapt to data dynamics gradually and consistently. For latency 

and throughput test results, the average time for the algorithm 

to process one data point is around 37 ms and the throughput 

is 22 data points per second. This shows that processing each 
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data point with a significant increase in quantity can be 

completed fairly quickly.  

For further analysis, a dashboard was also created and 

tested by taking all stored information, such as cluster results 

with their variables. This data is very important for further 

business analysis. The processed and stored data is shown in 

Figure 5 below. 

 

 
Figure 5. Data stored from the OML process for analysis in the dashboard 

The OML process results are then stored in MongoDB for 

further analysis. Figure 5 shows the structure of the stored 

data, which contains evaluation values, cluster labels, and 

model variables. This data is then visualized through a 

Streamlit-based monitoring dashboard as shown in Figures 6 

and 7.  

 

 
Figure 6. Main view of the monitoring dashboard 

The dashboard serves as a visual interface that displays the 

current segmentation status, the amount of data that has been 

processed, the processing time per data, and model evaluation 

metrics. The two-dimensional visualization displayed on the 

dashboard provides an intuitive overview of the cluster 

distribution and allows administrators to monitor the 

segmentation quality in real-time. 

Figure 6 above shows the main dashboard displaying 

information related to the segmentation status, including the 

last data update, the amount of data processed, and the 

processing time per data point. Next are the evaluation metrics 

that display the results of the Silhouette and DBI evaluation 

calculations. This dashboard clearly provides an overview of 

the performance of the OML model over time, which allows 

you to directly monitor the quality of the model being used 

for this clustering process. This can be used to adjust the 

model parameters in the future so that the model parameters 

are also adaptive, resulting in optimal clustering results. 

 

 
Figure 7. Clustering plot visualization in the main dashboard 

Figure 7 above shows the two-dimensional distribution of 

the clustering results using the DBSTREAM algorithm, after 

going through the cluster merging stage with HAC. Each 

point on the graph represents an e-commerce user mapped 

based on two main features resulting from dimension 

reduction using the Principal Component Analysis (PAC) 

method, namely Feature 1 and Feature 2, which describe the 

representation of user behavior after going through the data 

preprocessing and normalization stages. The color variation 

of the points indicates cluster membership, where the blue 

color gradient signifies the differences in cluster identity 

formed because of the model learning the patterns of 

similarity in user behavior. 

From the visualization, the data distribution does not form 

an extremely separate pattern, but shows several dense 

clusters formed vertically around Feature 1 range between 0.1 

and 0.3. This pattern indicates that most users have similar 

behavioral characteristics in that dimension, such as 

frequency of interaction or similar types of activities. 

Meanwhile, the data distribution with lighter colors and more 

scattered points depicts users with relatively unique or 

inconsistent behavior, which in the context of OML is 

considered an outlier. These results are consistent with a 

Silhouette value close to zero, indicating that the model is able 

to form distinct clusters without significant overlap, but with 

relatively close cluster boundaries. This shows that the 

segmentation process has successfully grouped users into 

several stable main behavioral groups, with sufficient density 

and separation to support further consumer behavior analysis. 

To test the model's performance, a model parameter 

experiment will be conducted to see the evaluation results and 

clusters generated from each model parameter and HAC tried. 

Because streaming data is dynamic, cluster profiles can 

change over time (concept drift), therefore the testing and 

experiments conducted in this study are representative 

(representative of the test data period). This experiment will 
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only be attempted with 50,000 data points processed from the 

overall data taken based on the data ID. The parameters that 

produce a Silhouette close to one, the smallest DBI, and the 

minimum cluster results obtained will be used as the main 

model parameters for further analysis. The experiment format 

is as shown in Table II.  

TABEL II 

EXPERIMENT PARAMETER MODEL FOR EVALUATION AND CLUSTERING 

RESULTS 

Parameters Evaluation Clustering 

Results Cluster 

treshold 

Fading 

factor 

HAC 

Treshold 

Silhoute DBI 

0.2 0.0005 0.5 -0.3415 0.1759 14 

0.2 0.005 0.5 -0.3809 2.4247 13 

0.5 0.0005 0.5 -0.3305 0.2888 14 

0.5 0.005 0.5 -0.3809 0.2918 13 

0.8 0.0005 0.5 -0.1125 0.2796 17 

0.8 0.005 0.5 -0.2167 0.2690 13 

 

Based on the results of testing model parameters as shown 

in Table 2, the most optimal configuration was obtained at a 

cluster threshold of 0.8 and a fading factor of 0.0005, with a 

Silhouette evaluation value of -0.1125 and a DBI of 0.2796. 

A negative Silhouette value generally indicates overlapping 

clusters, where some data is located at the decision boundary 

between clusters. This phenomenon can be explained by the 

non-stationary nature of streaming data, where the 

distribution of data continues to change over time, as well as 

by the incremental mechanism of DBSTREAM, which 

updates the model based on each new data point (partial fit). 

In this context, Silhouette does not fully reflect poor cluster 

separation, but rather illustrates the model's continuous 

adaptation to the dynamics of the data distribution, which had 

not yet fully converged at the time of evaluation. The results 

of this experiment also show that a larger cluster threshold 

produces broader clusters and does not quickly separate the 

data into many small micro clusters. As for the fading factor 

variable, the larger the value of this parameter, the faster the 

model forgets old clusters, causing clusters to change quickly. 

Conversely, if the value is smaller, the model's computation 

will be slow and heavy because it will always remember the 

old clusters. 

Meanwhile, the low DBI value (0.2796) indicates that the 

intra-cluster density is relatively good and the distance 

between clusters is sufficiently separated. The difference in 

results between these two metrics occurs because of their 

different measurement characteristics. Silhouette is more 

sensitive to the position of data at the cluster boundary, while 

DBI focuses more on the density and distance between cluster 

centers. Thus, the combination of a slightly negative 

Silhouette and a low DBI can be interpreted as the model still 

being in the process of dynamically adjusting to new data 

flows, but overall successfully forming a compact cluster 

structure that is not randomly distributed. This reinforces that 

the OML approach with DBSTREAM is able to maintain 

modeling stability in a constantly changing data environment, 

even though it does not always achieve perfect separability at 

every point in time. 

From this experiment, the model's stability will be tested 

against the concept drift phenomenon, which is analyzed 

based on changes in Silhouette and DBI values over time. As 

shown in Figure 8 below: 

 

 
Figure 8 visualization of model performance in handling concept drift 

From the visualization results in Figure 8, it can be seen 

that the Silhouette value tends to fluctuate around a value 

close to zero, while DBI varies between 1 and 3. This 

fluctuation pattern shows that the DBSTREAM model is able 

to adapt to changes in data distribution gradually, while 

maintaining a consistent cluster structure. Although there are 

local changes in evaluation values over time, no extreme 

decline in performance is found, indicating that the system 

successfully stabilizes the cluster formation process despite 

shifts in user behavior patterns or concept drift. These results 

indicate that the streaming data pipeline system approach with 

the DBSTREAM algorithm is capable of effectively handling 

non-stationary data flows. The model can incrementally 

update the cluster structure without losing historical context, 

while maintaining a balance between adaptivity and stability 

in the face of streaming data dynamics. 

Model performance analysis will also be reviewed from the 

data addition process. This analysis will examine whether an 

increase in the amount of data processed will affect the 

number of clusters and model evaluation, and how the cluster 

merging process using HAC periodically aligns with the 

cluster formation process. The results of this analysis are 

shown in Figure 9. 

 
Figure 9. Growth in the number of clusters per data mining 
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Figure 9 shows the growth trend in the number of active 

clusters as the amount of data processed by the OML system 

increases. The blue line represents the number of clusters 

before merging using HAC, while the orange line shows the 

number of clusters after merging. In general, it can be 

observed that the number of clusters tends to increase in the 

early stages of the process when the model begins to form new 

behavior representations based on continuously incoming 

user data, with the highest cluster peak at 2000 data points. 

However, as the data volume exceeds 20,000, the rate of 

cluster growth begins to slow down and tends to stabilize at a 

certain range. This phenomenon indicates that the model 

begins to recognize recurring behavior patterns among e-

commerce users, thereby reducing the need to form new 

clusters.  

After implementing the cluster merging process using 

HAC, it was observed that the number of active clusters 

decreased significantly compared to before the merging. This 

was due to the HAC mechanism, which periodically merges 

clusters that have high proximity in feature space based on the 

Euclidean Distance metric. This merging process not only 

reduces cluster redundancy, but also stabilizes the model 

structure so that it does not experience over-clustering, which 

is a condition where the model forms too many small clusters 

that are not significant in behavior or form noise. The 

downward trend in the number of clusters after merging 

shows that the system successfully maintains representation 

efficiency without losing important information variation. 

Figure 10 shows the results of the cluster distribution 

analysis formed from the DBSTREAM algorithm process. 

From the segmentation results of 50,000 test data, four main 

clusters with different levels of dominance were obtained. 

Cluster 0 is the largest group with a total of 36,325 data or 

about 72.73% of the total population, indicating that most e-

commerce users have similar behavior patterns. Meanwhile, 

Cluster 2 and Cluster 3 occupy the next positions with 

percentages of 14.21% and 7.01%, respectively, and Cluster 

5 accounts for 4.07% of the total data. The dominance of data 

in Cluster 0 indicates the existence of a group of users with 

relatively homogeneous activities, such as high interaction 

behavior towards certain products without significant 

variation in activities. 

 

 
Figure 10.  Analysis of the cluster results formed 

From the analysis of the cluster results in Figure 10, when 

viewed from the Dominant Behavior Type variable, all 

clusters show a tendency for pv (page view) behavior as the 

dominant activity. This indicates that the majority of user 

interactions on e-commerce are still in the exploratory stage, 

namely browsing products without taking further actions such 

as adding to cart or purchasing. Meanwhile, in the Dominant 

Category ID variable, the value -1 in several clusters indicates 

the existence of categories that are not specifically identified, 

possibly due to limitations in the categorization attributes in 

the data. Thus, although the behavior analysis is still general 

in nature, these clustering results provide an initial overview 

of user clustering based on the intensity and type of activities 

carried out in real-time. In the future, the addition of 

behavioral variables such as transaction frequency or visit 

time is expected to enrich the interpretation of e-commerce 

user interaction patterns in a more in-depth and contextual 

manner.  

System testing was also conducted by comparing the 

DBSTREAM algorithm with DenStream, both of which 

process based on data density. The comparison between the 

two algorithms is shown in Table III below: 

TABEL III 

COMPARISON BETWEEN THE DBSTREAM AND DENSTREAM ALGORITHMS 

Method / Metrik DBSTREAM DenStream 

Silhouette Score (periodik) -0.1125 -0.5664 

Davies–Bouldin Index (periodik) 0.2796 0.1561 

Number of clusters 17 10 

Throughput (data/s) 22 26 

Latency per instance (ms) 37 44 

Memory usage (MB) 81 127 

Storage footprint (MB) 8 8 

 

Testing results for both density-based streaming algorithms 

show slightly significant differences in terms of cluster 

quality and computational efficiency. Based on periodic 

evaluation results, the DBSTREAM algorithm obtained a 

Silhouette value of -0.1125 and a DBI of 0.2796, while 

DenStream produced a Silhouette of -0.5664 and a DBI of 

0.1561. The DBSTREAM Silhouette value, which is closer to 

zero, indicates that the resulting cluster structure is relatively 

more separate and adaptive than DenStream, even though 

both face data distribution dynamics due to the non-stationary 

nature of streaming. On the other hand, the lower DBI value 

in DenStream indicates a higher level of intra-cluster density, 

but this also leads to the possibility of forming clusters that 

are too dense and homogeneous, thereby reducing the model's 

ability to capture a wider range of user behavior variations. 

In terms of efficiency, DenStream shows higher throughput 

of 26 data/s but with the consequence of greater latency per 

instance of 44 ms and higher memory usage of 127 MB. 

Conversely, DBSTREAM is able to maintain lower latency of 

around 37 ms and more efficient memory consumption of 81 

MB with a larger number of clusters, namely 17 clusters, 

indicating that this algorithm is more efficient in utilizing 

resources for incremental model updates. Additionally, both 

algorithms have the same storage footprint of 8 MB, 

indicating efficiency in storing data summaries or micro-

clusters. 

These results show that DBSTREAM excels in 

maintaining a balance between cluster stability, memory 

efficiency, and processing latency, while DenStream tends to 

produce more compact clusters that are less adaptive to 
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changes in streaming data distribution. These findings 

reinforce the selection of DBSTREAM as the primary 

algorithm in the Online Machine Learning pipeline designed 

for dynamic and continuous data environments. 

From the overall results of the system testing discussed, the 

data streaming pipeline system with the DBSTREAM 

algorithm is capable of performing continuous clustering and 

can handle significant data changes in terms of concept drift. 

From testing with the batch learning method using the 

DBSCAN algorithm, 16 clusters were obtained from 50,000 

data points, and the Silhouette evaluation result was 0.1411. 

The clusters produced from batch learning are quite stable 

because the entire clustering process is performed on a single 

dataset snapshot. This means that when new data enters or 

user behavior patterns change, DBSCAN must be retrained 

from scratch, which increases computational costs and 

processing time. In contrast, with the streaming data 

approach, the model is able to adapt to concept drift. This 

makes DBSTREAM more relevant for dynamic e-commerce 

environments, where user interaction patterns are constantly 

changing. Batch approaches such as DBSCAN have a time 

complexity of O(n^2) because they calculate the distance 

between all data pairs. On a large scale or with continuously 

growing data streams, this is inefficient and difficult to 

operate in real time. In contrast, DBSTREAM only updates 

active micro-clusters using a fading function, which makes its 

complexity close to linear with respect to the amount of active 

data. 

Numerically, DBSCAN shows stable clustering results 

with a Silhouette value of 0.1411 and 16 clusters, while 

DBSTREAM produces a value of –0.1125 with a dynamically 

changing cluster structure. However, the main advantage of 

DBSTREAM lies in its ability to operate online, updating the 

model each time new data is received without retraining, 

while maintaining time and memory efficiency. Thus, 

although the static evaluation of DBSCAN appears to be 

better, the incremental approach of DBSTREAM is far 

superior conceptually and practically for constantly evolving 

data environments such as e-commerce. 

 

IV. CONCLUSION  

This research aims to create a streaming data pipeline for 

e-commerce user segmentation using an OML approach 

based on the DBSTREAM algorithm. The data used for 

streaming simulation comes from Taobao e-commerce. From 

the results of system design and development testing, the 

process of data collection, preprocessing, and streaming 

delivery has been successfully implemented in the producer 

process. Then, in the consumer process, cluster formation has 

been successfully carried out incrementally and has produced 

adaptive clusters with a periodic HAC merging mechanism, 

which minimizes over-segmentation as seen from the analysis 

results before and after the HAC process runs. The results of 

the model parameter experiment showed that the ideal 

parameters were a cluster threshold in the range of 0.6 to 0.8 

and a fading factor of 0.0005 or even smaller, such as 0.0003. 

For the evaluation results, the model successfully ran OML 

incrementally with a silhouette score of -0.1125 and a DBI of 

0.2796. This research successfully proves that the streaming 

data pipeline system that was built can operate stably in 

processing data to produce clusters that are adaptive to 

concept drift, which is continuously updated with a 

processing throughput of 22 data per second and an average 

latency of 37 ms. The DBSTREAM model that is run in the 

system consumes an average of 81 MB of memory resources 

and 8 MB of storage footprint. 

However, limited information on several variables, such as 

Item ID and Type ID, which are numerical without semantic 

context, limits the ability to analyze user behavior in a more 

specific and qualitative manner. Therefore, further research is 

recommended to enrich user behavior attributes, such as 

transaction frequency, visit duration, or user interaction types, 

so that the resulting segmentation is not only structural but 

also provides a more in-depth and applicable interpretation of 

behavior in the context of e-commerce, as well as making 

model parameters more adaptive so that dynamic model 

parameters follow dynamic data developments, resulting in 

more optimal clusters.  
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