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Abstract

The complexity of stock management and marketing strategy at Toko Meowring requires a systematic analytical approach. This study
implements the K-Means algorithm with a Knowledge Discovery in Databases (KDD) approach to optimize product segmentation. The
analysis was conducted on 246 sales data over a year, considering product type, spiciness level, and sales volume. Evaluation using Davies-
Bouldin Index (DBI) resulted in 7 optimal clusters with a DBI value of 0.402. The formed clusters identified bestseller product groups
dominated by original flavors, low-demand products, moderate popularity products, stable sales products, and unique products with limited
demand. This clustering enables optimization of inventory management, development of targeted promotional strategies, and improvement
of product layout. The results validate the effectiveness of the K-Means algorithm in enhancing product segmentation accuracy for strategic
decision-making.
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1. Introduction

The rapid development of information technology has changed the way businesses operate, especially in terms of using data for decision-
making [1]. One of the popular techniques in data analysis is data mining, specifically clustering algorithms that help businesses understand
customer patterns and preferences. In the context of a retail business that sells unique products such as “moring” at Meowring stores, a
deep understanding of product clustering and customer preferences is a challenge.

Although transaction data and customer reviews are available, many businesses still struggle to optimize the use of such data to increase
sales and customer satisfaction. The k-means algorithm, as one of the clustering techniques, offers a solution to group products based on
similar characteristics. However, the implementation of this algorithm faces various technical challenges such as the selection of relevant
attributes and the determination of the optimal number of clusters [2].

Several previous studies have shown the successful implementation of k-means in retail sales data analysis. demonstrated the effectiveness
of k-means in clustering products based on sales frequency and volume. used this technique to analyze sales of food and beverage products
[3] while successfully applied it for stock management and promotion strategies.

This research aims to improve the moring product sales clustering model using an optimized k-means algorithm based on sales data
characteristics. The focus of the research is on analyzing numerical data using quantitative methods, with consideration of attributes such
as purchase frequency and product category.The results of the study are expected to assist Meowring stores in developing more effective
marketing strategies and contribute to the literature on the implementation of data mining in the context of local retail businesses in
Indonesia[4].

Through this research, it is expected to gain a better understanding of the use of k-means algorithm in local product sales analysis, which
can help similar businesses in optimizing their marketing strategies based on accurate and relevant data analysis [5] .

2. Literature Review

2.1. Data Mining

Testing by applying the K-means algorithm and Rapidminer tools to form a cluster model. Data mining is the process of analyzing data to
find useful patterns, relationships, or hidden information from large data sets. This process is an important part of Knowledge Discovery
in Database (KDD), which includes several stages, namely data selection, preprocessing, data transformation, the data mining process
itself, and evaluation and interpretation of results [6].


https://ioinformatic.org/
https://issn.brin.go.id/terbit/detail/20211008340993531
mailto:pramugyajs@gmail.com1*
mailto:irma2974@yahool.com2
mailto:agusbahtir038@gmail.com3
mailto:editohidi00@ikmi.ac.id4

Journal of Artificial Intelligence and Engineering Applications 1623

In this research, data mining is used to process data on the education level of Bojong Village residents, which consists of attributes such as
age, latest education, occupation, and marital status. Preprocessing stages are performed to clean the data, such as handling blank values
and eliminating duplicates, so that the data is better prepared for analysis. Data transformation is then used to ensure the data has a uniform
scale [7] .

2.2. Clustering

Clustering is a method in unsupervised learning that aims to group data into clusters based on the level of similarity between the data. This
method is often used to understand the structure or distribution of data in a dataset without the need for labels or target variables [8].
Clustering enables the identification of patterns, such as the grouping of people based on education levels. This process helps in providing
deeper insights to understand groups with similar characteristics, thus supporting more targeted decision making [9].

2.3. K-Means

K-Means is one of the most popular clustering algorithms. This algorithm works by dividing data into k groups based on the distance to
the specified centroid. The K-Means process begins by selecting a value of k (the desired number of clusters), randomly assigning an initial
centroid, then calculating the distance of the data to the centroid using Euclidean Distance. Data is clustered based on proximity to the
centroid, and the centroid is updated until it reaches a steady state or maximum iteration [10].

3. Research Methods

This research uses the K-Means Clustering method to cluster sales data of moring products at Meowring Store. The research process is
carried out through the Knowledge Discovery in Databases (KDD) approach which consists of the following stages:
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Figure 1: Research Methods

a. Data Selection;Sales data of moring products were collected from Meowring Store over a one-year period. The dataset used
includes 246 data samples with 6 attributes, including product type and spiciness level (original, level 1 to level 5).

b. Preprocessing/Cleaning Data; The data is cleaned using the Replace Missing Values technique to remove blank or invalid
values and ensure optimal data quality.

c. Transformation; Transformation is performed to prepare the data attributes so that they are suitable for the clustering process.
The selected data includes product category attributes and sales amount.

d. Data Mining; The clustering process is performed with the help of RapidMiner software, where the k value (number of
clusters) is tested using the Davies-Bouldin Index (DBI) and Elbow Method to determine the optimal cluster quality.

e. Data Interpretation (Evaluation); The quality of the clustering results was evaluated using DBI, where a low DBI value
indicates better separation between clusters. The evaluation results show that 7 clusters are the optimal number with a DBI
value of 0.402.

4. Results and Discussion
4.1. Research Result

4.1.1. Data Selection

The initial stage in the Knowledge Discovery in Databases (KDD) process is Data Selection. The data used in this study is sales data for
moring products at Meowring Stores collected over the past year. The dataset consists of 246 data samples with 6 main attributes, namely:
NO PEDAS, LEVEL 1, LEVEL 2, LEVEL 3, LEVEL 4, and LEVEL 5.

The data selection and preparation process was carried out using Microsoft Excel to ensure the data was free from empty values, duplicates,
or outliers. The dataset was then imported into RapidMiner using the Read Excel Operator so that the data could be processed further. Each
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attribute is categorized using the Set Role Operator to set the role of the attribute as an identity (ID) or analysis parameter.An example of
a moring product sales dataset is presented in figure 2 below:

NO TIPE ORIGINAL LEVEL LEVEL LEVEL LEVEL LEVEL
PRODUK 1 2 3 a s
1 TIDAK 1 o o o o o
PEDAS
2 LEVEL 1 o0 2 o o o o
3 LEVEL 2 o0 o 2 o o o
a LEVEL 3 o0 o o 1 o o
s TIDAK s o o o o o
PEDAS
242 LEVEL1 0 s o o o o
243 LEVEL3 0 o o 1s o o
244 LEVEL1 0 1 o o o o
245 LEVEL 2 0 o 1 o o o

Figure 2: Data Selection

Tute Frea T it @40 2 et

P .

Figure 3: Set role
4.1.2. Preprocessing/ Cleaning

To ensure that the data is free of missing values so that it can be processed optimally in the clustering process. In this research, replacing
missing values is done using the Replace Missing Value Operator in RapidMiner software.The results of this process show that all attributes
of the dataset have been repaired, and there are no more empty values left. This ensures the dataset is ready to be used in the implementation
of the K-Means Clustering algorithm.Figure 4 below displays the final result after the application of Replace Missing Values:
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Figure 4: Data processing results
4.1.3. Transfomation

The Data Transformation stage aims to prepare the dataset to be processed using the K-Means Clustering algorithm. The transformation
process is carried out by changing the data structure into a format suitable for analysis.

4.1.4. Data Mining

Sales data of moring products that have been cleaned are processed using the K-Means Clustering Operator in RapidMiner. The initial
parameter k (number of clusters) is set starting from k = 2 until a maximum of 10 iterations are performed. This process ensures that the
data can be optimally grouped according to the pattern formed. This stage is shown in Figure below:
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Figure 5: K-Means Clustering
After the K-Means process is applied, the performance of the model is evaluated with the Performance Operator. This evaluation involves

measuring the distance between clusters and the Davies-Bouldin Index (DBI) value to assess the quality of separation between clusters.
This stage can be seen in Figure 7.

Clustering Performance

Figure 6: Prefomance

The evaluation results show the average value of the distance between centroids (Avg) which reflects the efficiency and effectiveness of
data transformation. This value is used to determine the optimal clustering quality. The average results can be seen in Figure 8.
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Figure 7: Evaluation Avg Centroid
4.1.5. Interpretation / Evaluation

The Model Evaluation stage is conducted to assess the quality of the clustering results using the Davies-Bouldin Index (DBI). The DBI
value is used as the main indicator to determine the optimal number of clusters, where a lower DBI value indicates better cluster separation.
The evaluation process was carried out by trying to vary the number of clusters k from k=2 to k=10. The evaluation results can be seen in
Table 1 below:

Table 2: Evaluation DBI Results

k DBI Cluster
Davies Cluster 0: 220 items
2 Bouldin: Cluster 1: 26 items
0.598 Total number of items: 246
. Cluster 0: 202items
Davies

Cluster 1: 22 items

3 ngg;n' Cluster 2: 22. items
Total number of items: 246
Cluster 0: 190 items
Davies Cluster 1: 22 items
4 Bouldin: Cluster 2: 12 items
0.552 Cluster 3: 22 items
Total number of items: 246
Cluster 0: 186 items
Davies Cluster 1: 5 i_tems
. Cluster 2: 22 items
5 Bouldin: .
0.526 Cluster 3: 21 %tems
Cluster 4: 12 items
Total number of items: 246
Cluster 0: 5 items
Cluster 1: 183 items
Davies Cluster 2: 2 items
6 Bouldin: Cluster 3: 23 items
0.501 Cluster 4: 21 items
Cluster 5: 12 items
Total number of items: 246
Cluster 0: 183 items
Davies Cluster 1: 4 items
7 Bouldin: Cluster 2: 12 items
0.402 Cluster 3: 2 items

Cluster 4: 23 items
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Cluster 5: 21 items
Cluster 6: 1 items
Total number of items: 246
Cluster 0: 17 items
Cluster 1: 24 items
Cluster 2: 5 items

Davies Cluster 3: 2 items
8 Bouldin: Cluster 4: 150 items
0.510 Cluster 5: 21 items

Cluster 6: 4 items
Cluster 7: 23 items
Total number of items: 246
Cluster 0: 17 items
Cluster 1: 24 items
Cluster 2: 7 items
Cluster 3: 2 items

Dav1§s Cluster 4: 150 items
9 Bouldin: .
0.500 Cluster 5: 18.1tems
Cluster 6: 4 items
Cluster 7: 23 items
Cluster 8: 1 items
Total number of items: 246
Cluster 0: 145 items
Cluster 1: 2 items
Cluster 2: 4 items
Cluster 3: 4 items
Davies Cluster 4: 17 items
10 Bouldin: Cluster 5: 21 items
0.422 Cluster 6: 1 items

Cluster 7: 24 items

Cluster 8: 10 items

Cluster 9: 18 items
Total number of items: 246

4.1.6. Knowledge
a) Evaluation Model
After determining k=7 as the optimal number of clusters, the clustering results were interpreted based on the centroid value
for each attribute (original, level 1, level 2, level 3, level 4, and level 5). The centroid results show the contribution of each
attribute to the clusters formed. The centroid value results are shown in Figure 9 below:

Figure 8: Evaluation Table Centroid

Based on the centroid value, the interpretation of the clustering results is as follows:
e  Cluster 0 has the highest contribution to the original attribute with a value of 0.727.
. Cluster_1 shows significant dominance on level 1 attributes with a value of 28.750, followed by Cluster 5 with a value of
14.762.
e Cluster_3 dominates level 3 attributes with a value of 31,500, followed by Cluster 4 with a value of 11,783.
Visualization of the results of grouping data into 7 clusters is shown in Figure 10.
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Figure 9: Evaluation ExampleSet Clustering
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With these results, the sales data of moring products were successfully grouped into 7 clusters based on sales patterns and product spiciness
levels. This interpretation provides insight into the characteristics of each product group that can be used to support decision making, such
as marketing strategies and stock management.

b) Evaluation

This research uses the K-Means Clustering algorithm with RapidMiner tools to cluster moring product sales data. Model

evaluation was conducted using two approaches, namely Davies-Bouldin Index (DBI) and Elbow Method. The complete

evaluation results can be seen as follows:

1. Davies-Bouldin Index (DBI) Value; Model evaluation is performed with the Davies-Bouldin Index (DBI) to determine
the optimal number of clusters. DBI evaluates the extent to which clusters are optimally separated. From the test results
with variations in the number of clusters k=2 to k=10, the smallest DBI value is obtained at k=7, which indicates the
best cluster quality.

At k=7, the following results were obtained:

- DBI value: 0.423

- Cluster Member Distribution:

- Cluster_0: 183 items

- Cluster_1: 4 items

- Cluster_2: 12 items

- Cluster_3: 2 items

- Cluster_4: 23 items

- Cluster_5: 21 items

- Cluster_6: 1 item
These results show that clustering with 7 clusters results in optimal separation between clusters. Visualization of the clustering model is
shown in Figure 11 below:

Result History B Cluster Model (Clustering)

= Cluster Model

Description

Cluster 0: 183 items
Cluster 1: 4 items
Cluster 2: 12 items
Cluster 3: 2 items
Cluster 4: 23 items
F\;"':;' uster 5: 21 items

Cluster 6: 1 items
Total number of items: 246

Figure 10: Evaluation Cluster Model

1.  Elbow Method; The Elbow method is used to validate the optimal number of clusters by looking at changes in the value of Avg.
Within Centroid Distance. This value describes the average distance between points in the cluster with respect to its centroid.
The Elbow graph is obtained by plotting the average within-cluster distance for each value of k. The elbow point on the graph
indicates the optimal number of clusters. In this study, the elbow point occurs at k=7, which indicates that 7 clusters is the optimal
number. The similarity of results between the DBI evaluation and the Elbow method reinforces this conclusion.

Avg. within centroid distance
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Figure 11: Method Elbow

2. Center Distribution Plot; The clustering result plot illustrates the distribution of product types based on spiciness level (original
to level 5) and number of sales. This plot is useful for providing an in-depth visualization of the dominance and distribution of
product categories. The results of the cluster distribution plot are shown in Figure 13 below:

Figure 12: Result Plot
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The analysis results show:
- Level 2 (red color) has the highest peak, indicating the dominance of products at that level.
- Level 3 (green color) also displays significant contribution with the highest peak in this category.
- The original category and other levels 1-5 have smaller contributions and are spread across several levels.
3. Clustering Data Visualization; The results of data visualization using scatter plots provide an overview of data distribution
based on product type (X-axis) and numerical sales value (Y-axis). Each point on the scatter plot represents sales data and is
given a different color to distinguish product categories.
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Figure 13: Clustering Visualization Results

This visualization shows:

- The “not spicy” category only has data in the original with a small spread of values.

- In level 2 and level 3 categories, the distribution of values shows more significant dominance than other categories.
- The sequences at level 4 and level 5 show a distribution of data that needs further study for clarification.

4.2. Discussion

a) Moring Product Sales Clustering Model Analysis Results Based on the application of the K-Means Clustering
Based on the application of the K-Means Clustering algorithm using RapidMiner, evaluation is performed with the Davies-
Bouldin Index (DBI) and variations in the value of k from 2 to 10. The evaluation results show that the smallest DBI value is
obtained at k = 7 with a DBI value of 0.402. This value indicates that the separation between clusters at k=7 has optimal quality.
The distribution of the number of items at k=7 is as follows:
- Cluster 0: 183 items (high sales)
- Cluster 1: 4 items (very low sales)
- Cluster 2: 12 items (medium sales)
- Cluster 3: 2 items (very low sales)
- Cluster 4: 23 items (stable sales)
- Cluster 5: 21 items (stable sales)
- Cluster 6: 1 item (unique or specific product).
These clustering results show that there are variations in product sales that can be grouped into 7 clusters to provide a more in-
depth picture of sales behavior at Meowring stores.

b) Clustering Results for Marketing Strategy.
The results of the clustering analysis provide an in-depth picture of the characteristics of product sales performance at Meowring
Store. The interpretation of each cluster is as follows:

1))
2)
3)

4)
5)

6)

7)

Cluster 0: Products with the highest sales, dominated by original variants and low spiciness. These products represent
customers' top preferences and should be prioritized for availability.

Cluster 1: Products with very low sales. The strategy required is intensive promotion such as discounts or product
bundling to increase appeal.

Cluster 2: Products with medium sales that have the potential to be increased through seasonal promotions or special
marketing campaigns.

Cluster 3: Products with the least sales. Need to re-evaluate regarding quality, relevance, and market demand.

Cluster 4: Products with stable sales, showing consistent performance. Customer loyalty strategies can help maintain this
stability.

Cluster 5: Products with stable sales similar to the previous cluster, suitable for maintaining adequate stock to meet the
needs of loyal customers.

Cluster 6: Unique or specific products with very small sales contribution. In-depth analysis is required to understand the
relevance and market opportunities of these products

5. Conclusion

Based on the results of research and analysis that has been carried out on sales data of moring products at Meowring stores using the K-
Means Clustering algorithm with RapidMiner tools, it is found that the optimal number of clusters is 7 clusters with the smallest Davies-
Bouldin Index (DBI) value of 0.402. This evaluation is reinforced by the application of the Elbow Method which shows an elbow point at
k=7. Of the seven clusters formed, Cluster 0 shows the highest selling products dominated by original variants and low spiciness levels,
while Clusters 1 and 3 show products with very low sales that require special promotional strategies. Cluster 2 includes products with
medium sales that have the potential to be improved, while Clusters 4 and 5 show products with stable sales. Cluster 6 identifies unique or
specific products with very small sales contributions that require further analysis.
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Based on these clustering results, some marketing strategies that can be implemented include stock prioritization for popular products,
increasing product attractiveness through promotions or discounts for low-selling products, identifying seasonal promotional opportunities
for potential products, as well as maintaining stable product availability to support customer loyalty. With the application of this K-Means
Clustering algorithm, Meowring stores can optimize stock management, design more targeted marketing strategies, and improve customer

loyalty.
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