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Abstract - The ornamental fish trade in Indonesia is
growing rapidly through e-commerce and social media.
The large, diverse, and unstructured sales data
complicates accurate market mapping. This study analyzes
the distribution of ornamental fish sales using density-
based clustering algorithms, namely DBSCAN (Density-
Based Spatial Clustering of Applications with Noise),
which identifies clusters based on data density, enabling
the formation of global distribution patterns while
detecting outliers, and ST-DBSCAN (Spatial-Temporal
DBSCAN), an extension of DBSCAN, which incorporates
spatial dimensions to provide more detailed mapping
based on geographic proximity. Data were collected
through e-commerce platforms and social media such as
Twitter. The results revealed that ornamental fish
distribution is primarily concentrated in Java and also
distributed in Sumatra, Kalimantan, Bali, and Sulawesi.
DBSCAN produced five clusters with two noise points and
achieved a Silhouette Coefficient of 0.791. Meanwhile, ST-
DBSCAN produced six clusters with three noise points, a
Silhouette Coefficient of 0.656, and a Davies-Bouldin Index
of 0.985. Overall, DBSCAN effectively represents global
distribution patterns and detects anomalies, while ST-
DBSCAN enhances the analysis with spatial insights that
highlight geographic variations. Together, these two
algorithms provide a more comprehensive understanding
of the distribution of ornamental fish sales by species and
location.

Keywords: Clustering, DBSCAN, ornamental fish, ST-
DBSCAN, Word2Vec.

I. INTRODUCTION

The ornamental fish trade is an economic subsector
that has experienced significant growth in recent years,
both globally and nationally. In Indonesia, public interest
in ornamental fish continues to rise, not only as a hobby
but also as a promising investment. This growth is
reflected in the increasing number of online stores selling
various types of ornamental fish through e-commerce
platforms such as Shopee, Lazada, Blibli, and Tokopedia,
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as well as the increasing number of ornamental fish-
themed discussions shared by users on social media
platforms like Twitter [1]. However, this growth has also
generated large, diverse, and unstructured sales data,
posing challenges in mapping market distribution
patterns [2]. Conventional methods tend to be limited in
capturing complex variations in digital data, such as the
presence of outliers, uneven distribution, and non-
uniform text formats [3]. Therefore, a more adaptive
analytical approach is needed that utilizes alternative
data from e-commerce and social is required [4].

The fish distribution domain was selected for this
study due to its strong economic relevance and
prominent role in Indonesia’s digital marketplace [5].
Indonesia's position as a major global exporter of
ornamental fish underscores the strategic importance of
this sector [6]. In addition, the digital trade of ornamental
fish generates substantial unstructured text data (fish
names, product descriptions) and clear spatial
distribution patterns across regions such as Java,
Sumatra, and Kalimantan [7]. These characteristics make
this domain particularly suitable for analytical methods
that combine semantic and spatial attributes. The mixed
nature of the data aligns well with the capabilities of
DBSCAN and ST-DBSCAN: DBSCAN identifies
global density-based patterns [8], while ST-DBSCAN
incorporates spatial radius parameters to capture
localized distribution structures [9]. Thus, this domain
provides an ideal case for evaluating the performance of
density-based clustering on text spatial data.

Several previous studies have demonstrated the
effectiveness of text mining and clustering approaches in
extracting information from unstructured text data [10].
Research exploring public sentiment toward the film
Dirty Vote using the Naive Bayes algorithm and Logistic
Regression showed that Logistic Regression had a higher
accuracy (95.5%) than Naive Bayes (91.1%), while
emphasizing the importance of selecting the right
analysis method to produce accurate text classification
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[11]. Another study comparing the K-Means and K-
Medoids algorithms in clustering student thesis titles
found that K-Medoids produced better cluster quality
(DBI 1.56), while K-Means excelled in computational
speed. These findings suggest that each algorithm has
specific advantages, depending on the context of its
application [12]. Furthermore, research conducting
sentiment analysis to predict presidential election results
via Twitter using Lexicon-Based and Random Forest
approaches showed that Random Forest was superior in
detecting negative sentiment (94%), while the Lexicon-
Based method was better at predicting positive and
neutral sentiment [13]. This domain is well suited for
comparing DBSCAN and ST-DBSCAN because
ornamental fish sales exhibit both semantic variation
(fish names, product descriptions) and spatial variation
(location-based distribution), making it an ideal case for
evaluating density-based clustering on mixed text-spatial
data.

Thus, selecting the fish distribution domain is both
economically and methodologically relevant for
applying text mining and clustering techniques to
unstructured data. Based on this foundation, this study
compares DBSCAN and ST-DBSCAN to evaluate their
performance in identifying semantic and spatial
distribution patterns. DBSCAN effectively captures
global density-based clusters, whereas ST-DBSCAN
introduces spatial attributes that enable more detailed
identification of local distribution patterns. This study
aims to assess the impact of integrating spatial
components on clustering outcomes and to evaluate the

Data Collection
{Scraping & Crawiling)

Preprocessing Data

theoretical and practical effectiveness of spatial-
semantic clustering approaches [14].

Il. METHOD

This research was conducted through several main
stages arranged systematically. A flowchart of the
research stages can be seen in Fig. 1 [15].

A. Data Collection

The dataset used in this study comes from secondary
data obtained through e-commerce platforms such as
Shopee, Lazada, Blibli, and Tokopedia, in real-time
through a scraping process, as well as public
conversations on Twitter about ornamental fish using the
official Twitter API. The Twitter data collection process
was carried out without a time limit so that the data
obtained represents public conversations based on the
results available from the API. The collected data
consists of 1,056 entries, with two main attributes: fish
name and seller location. Both data sources were
collected through keyword searches for "Kalimantan
ornamental fish", "freshwater ornamental fish”, and
"Pontianak ornamental fish™ [10].

B. Pre-Processing Data

In this study, text data processing is used to organize
fish name information, while location data processing is
focused on processing geographic information about
sellers [16].
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Fig. 1 Research stages

232 Comparison of the Performance ... | Putri, A., Utami, P.Y., Surya, R.S., 231 — 239



JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 14, Issue 2, July 2026

1) Text Data: Text processing was performed to
organize the fish name information. The pre-processing
stages included text cleaning from irrelevant characters,
lowercase normalization, tokenization, stopword
removal, and token filtering using a list of valid
ornamental fish names. This stage ensures that only
words relevant to the research object are retained.

2) Location Data: Location data is processed in
two steps: extracting city/region names from the
location text, then converting them to latitude and
longitude coordinates through geocoding using the
Geopy library. This coordinate representation is
necessary to support spatial analysis in the
clustering process.

C. Representation Word2Vec

The pre-processed text data is then used in the
Word2Vec process with the Skip-Gram approach to

generate vector representations of ornamental fish names.

Each text entry is converted into a vector by calculating
the average of the word vectors contained within it. The
method for obtaining document vector values is shown
in (1) and (2).

t I Y esjzeizologp(Wej W) (D)
where w, represents the center word being analyzed, w(
refers to the context words that appear around the center
word, ¢ indicates the context window size, which
determines how far the words to the left and right of the
center word are considered; and t denotes the total
number of words in the corpus used during the model
training process.

1
vece= iZiwiv o (wy) )

where vec(c,j) represents the j-th document vector in
class c¢; nj is the number of features contained in
document j; v(w;) describes the feature word vector w,
which represents specific characteristics within the
document; and w; indicates the feature vector value of the
word w.

D. Clustering with DBSCAN

The DBSCAN algorithm in this study was applied to
data including text representations of ornamental fish
names using Word2Vec and sales location coordinates
[17]. The DBSCAN implementation workflow in this
study is shown in Fig.2. The process begins by
determining the epsilon (eps) value as the radius for
searching the nearest points and MinPts as the minimum
number of points within that radius that are considered

part of a cluster. Once these parameters are defined, a
starting point is randomly selected from the dataset. The
distance from this starting point to all other points in the
dataset is then calculated using the Euclidean Distance
function. The basic formula for the Euclidean Distance
function is given in (3).

d(p,q) = 2L (pi — qi) 2 3)

where d(p, q) represents the distance between points p
and q; (pi — qi) is the 1st coordinate of the two points used
in the distance calculation; and n represents the number
of data dimensions involved in the calculation process.

If the number of points within the eps radius meets or
exceeds the MinPts value, the point is identified as a core
point, and the cluster expansion process is performed by
including other points that share the same density.
Conversely, if a point does not have enough neighboring
points according to the MinPts requirement, it is
classified as noise. The algorithm then continues by
processing the remaining unvisited points until all points
in the dataset have been examined.

E. Clustering with ST-DBSCAN

The ST-DBSCAN workflow in this study essentially
follows the same principles as DBSCAN. This approach
allows the formation of clusters that represent the spatial
distribution patterns of ornamental fish, with density
calculations that consider the differences between spatial
dimensions and non-spatial attributes, unlike DBSCAN
which treats all dimensions equally [18].

I1l. RESULT AND DISCUSSION

This section presents a comparative analysis of the
parameter testing results of the DBSCAN and ST-
DBSCAN algorithms. Prior to the comparison, each
algorithm was tested to obtain the best parameter
configuration. Cluster quality evaluation was performed
using the Silhouette Coefficient (SC) value, which
ranges from —1 to 1, with values closer to 1 indicating
good cluster quality. In addition to the SC, this study also
considered the Davies—Bouldin index (DBI), the number
of clusters formed, the amount of noise, and the
consistency of the results with respect to parameter
variations. PCA visualization and distribution maps were
also used to practically assess the clarity of the cluster
patterns. The parameter testing results for both
algorithms are shown in Table | and Table 11 [19].

A. Testing the Parameters of the DBSCAN and ST-
DBSCAN Algorithms

Parameter testing was conducted to determine the
optimal configuration for each algorithm. In DBSCAN,
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the parameters tested included the epsilon value (eps) as
the search radius and MinPts as the minimum number of
points to form a core point. In ST-DBSCAN, the
parameters tested included the spatial radius (Epsl), the
non-spatial radius (Eps2), and MinPts. The workflow of
both algorithms was used as the basis for parameter
testing in this study [20].

1) DBSCAN Test Results: Based on Table I, a small
eps value (0.2) produces many clusters (13) with high

—
determine a random |

noise (21) and poor separation (SC = 0.692641). As eps
increases, the number of clusters and noise decreases,
while the cluster quality improves. An eps value of 0.4
gives the highest SC (0.827320) but the distribution is
unstable. The eps configuration of 1.0 and MinPts 3 was
chosen as the best result because it produces 5 clusters,
low noise (2), and good separation (SC = 0.791307). If
eps exceeds 1.0, clusters tend to merge, thus reducing the
clustering quality.

parameler inisialisasi
{Eps & MinPts)

slarting point
-~ A

e

calculate distance

amount of data in
radius eps = minpis?

Mo

all points have been
processed?
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Fig. 2 DBSCAN workflow

TABLE |
DBSCAN PARAMETER TESTING

Eps MinPts  Number of Clusters Noise Amount Sillhouette Index
0.2 3 13 21 0.692641
0.3 3 9 15 0.812501
0.4 3 8 13 0.827320
0.5 3 6 10 0.722933
0.6 3 5 8 0.778416
0.7 3 5 8 0.778416
0.8 3 5 7 0.774742
0.9 3 5 4 0.789946
1.0 3 5 2 0.791307

TABLE Il
ST-DBSCAN PARAMETER TESTING

. Number of Noise  Silhouette Davies-Bouldin
Epsl Eps2 MinPts Clusters Amount coefficient Index (DBI)
6.0 2.0 5 5 10 0.654857 1.500872
6.0 3.0 5 5 7 0.656181 1.050187
7.0 2.0 5 5 5 0.656993 2.267939
7.0 3.0 2 6 2 0.656698 1.449330
7.0 2.0 2 6 3 0.656484 0.985725

234

Comparison of the Performance ... | Putri, A., Utami, P.Y., Surya, R.S., 231 — 239



JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 14, Issue 2, July 2026

2) ST-DBSCAN Test Results: The results in Table
Il show that the combination of Epsl = 7.0, Eps2 = 2.0,
and MinPts = 2 is the optimal parameter, resulting in 6
clusters with 3 noise levels. A low DBI value (0.985725)
indicates clear cluster boundaries, while SC = 0.656484
indicates fairly good quality. Other alternative
configurations such as Eps1 = 6.0 and Eps2 = 3.0 are also
stable, but have higher DBI, resulting in less clear cluster
boundaries. Therefore, the first combination was chosen
because it provides a realistic number of clusters,
minimal noise, and the best spatial-semantic visibility.

B. Comparison of Parameter Test Results

The results of testing the parameters of the two
algorithms are presented in Table I1I, which presents a
comparison of the number of clusters, the proportion of

data containing noise, and the Silhouette Coefficient
value for each parameter configuration.

Parameter comparison (Table Il1) shows that DBSCAN
(Eps = 1.0, MinPts = 3) produces 5 clusters with 2 noises
and Silhouette = 0.791, while ST-DBSCAN (Eps1 = 7.0,
Eps2 = 2.0, MinPts = 2) forms 6 clusters with 3 noises
and Silhouette = 0.656. DBSCAN groups data based on
global density, while ST-DBSCAN adds a spatial
dimension so that it is able to capture more specific
distribution patterns at certain locations.

C. Visualization of Clustering Results

The clustering results visualization includes 2D PCA,
word clouds, and location distribution maps. Fig. 3 and
Fig. 4 show the PCA visualizations of DBSCAN and ST-
DBSCAN, while Fig. 5 and 6 display the word clouds of
each cluster [21].

TABLE Il
BEST ALGORITHM PARAMETERS

Eps Epsl Eps2 MinPts Cluster Noise Silhoutte Coefficient
DBSCAN 1.0 - - 3 5 2 0.791307
ST-
DBSCAN 7.0 2.0 2 6 3 0.656484
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Fig. 3 2D PCA DBSCAN results
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Fig. 5 DBSCAN word cloud results

1) DBSCAN Visualization Results: The PCA
visualization in Fig. 3 shows five clusters, with cluster 0
being the largest and densest. Points that do not follow the
density pattern are detected as noise. The word cloud in
Fig. 5 shows the dominant words in each cluster. Cluster
0 is dominated by freshwater fish terms such as tetra,
betta, platy, and botia. Cluster 1 contains brightly colored
fish such as glows and danios, while cluster 2 displays
unique variations such as platinum and calico. Cluster 3
refers to regional freshwater fish, and cluster 4 describes
aquarium companion fish such as guppies, mollies, and
cichlids [22].
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2)  ST-DBSCAN Visualization Results: The PCA in
Fig. 4 shows six clusters with a more specific distribution
in certain regions. The word cloud in Fig. 6 illustrates the
grouping based on semantic similarity and location.
Clusters 0 and 3 are dominated by freshwater fish such as
bettas, cluster 1 contains luminous fish such as tetras and
danios, cluster 2 contains unique variations such as
glowfish and platinumfish, cluster 4 contains aquarium
companion fish, and cluster 5 contains fish with special
morphological characteristics such as albinos and sharks.
Some points that do not meet the spatial-semantic
proximity are detected as noise [18].
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3) Visualization of DBSCAN and ST-DBSCAN
Location Distribution Map: The distribution map
visualizations shown in Fig.7 and Fig. 8 demonstrate the
clustering results of both algorithms, including points
identified as disturbances and cluster concentration areas.
This allows for direct observation of differences in
ornamental fish distribution patterns across regions and
also serves as a basis for comparing the effectiveness of
each algorithm's parameters in clustering sales data [23].

The DBSCAN distribution map in Fig. 7 shows that
cluster O represents the largest activity centers, mostly
spread across the islands of Java and Bali, while other
clusters are spread across Sumatra, Kalimantan, and

L

6 ST-DBSCAN word cloud results

Sulawesi. This pattern suggests that DBSCAN tends to
cluster data based on global density [17]. In contrast, the
ST-DBSCAN map in Fig. 8 depicts a more
geographically specific distribution pattern. Large
clusters emerge in East Java, Central Java, and Jakarta,
with variations in other clusters across Kalimantan and
Sumatra [11]. Comparing the two algorithms in this
study confirms that their use provides different
perspectives on the data. DBSCAN places greater
emphasis on global point density, while ST-DBSCAN
adds spatial information, allowing for more detailed
analysis of distribution patterns in areas with limited data
[24,25,26].
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Fig. 7 DBSCAN distribution map
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IV. CONCLUSION

This study successfully implemented and analyzed
the DBSCAN and ST-DBSCAN algorithms for
clustering ornamental fish sales data, utilizing
Word2Vec text representation and spatial data in the
form of location coordinates. DBSCAN, with parameters
Eps = 1.0 and MinPts = 3, generated five clusters with
two noise points and a Silhouette Coefficient of 0.791.
These results demonstrate DBSCAN's ability to form

global distribution patterns and effectively detect outliers.

Meanwhile, ST-DBSCAN, with parameters Epsl = 7.0,
Eps2 = 2.0, and MinPts = 2, generated six clusters with
three noise points, a Silhouette Coefficient of 0.656, and
a Davies-Bouldin Index of 0.985. By considering the
spatial dimension, ST-DBSCAN is able to describe the
data distribution in greater detail, including the
formation of specific clusters in Sumatra and Kalimantan
that were not visible through text-based analysis alone.
Overall, DBSCAN was effective in forming global
clusters and detecting anomalies, while ST-DBSCAN
extended the analysis with spatial information, resulting
in more geographically specific clusters. The research
findings also showed that ornamental fish sales activity
still concentrated on Java, while Sumatra and
Kalimantan experienced lower intensity. These results
provide insights for industry players and policymakers
regarding marketing strategies and the potential for
regional equity, while also confirming that unstructured
data analysis can be utilized to understand the dynamics
of the digital economy in the ornamental fish trade.
Future research can be developed by adding a temporal
dimension to examine annual distribution changes and
integrating environmental, aquatic, or socioeconomic

Cluster 2: (glowfish, "
platinum, dan Kaliko) Ssmarinda

Paopo.

Banjarmas

data. The application of deep learning algorithms also
has the potential to improve accuracy in detecting more
complex spatial and semantic clusters.
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