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Abstract: K-means clustering algorithm has been used in this study to analyze the sales performance of
scooter spare parts at Harapan Indah Scooter. By using the K-means method, researchers can classify
products into 3 categories according to their sales volume. The purpose of this analysis is to identify patterns
in sales data and compare the characteristics of each product group. Researchers can see the output from
the previous step shows three clusters: Low, Medium, and High Sales. Associating products with these
categories Empowers improved tracking of sales movements and fluctuation trends in product options. The
findings of this study can be useful in the field of inventory management and to develop marketing strategies
to increase product sales. Companies can find out which products fall into which categories and therefore
can make better decisions on how to manage stock and promotional efforts. These findings are the first
step to maintain and improve sales performance and optimize Harapan Indah Scooter business.
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1. Introduction

The use of scooters as a means of transportation has grown rapidly in many large cities, primarily due to
their efficiency in tackling traffic congestion and their lower operational costs compared to cars. Scooters also
offer greater flexibility for daily commuting, especially in densely populated urban areas. As the number of
scooter users increases, the demand for scooter spare parts has risen accordingly. Stores like Harapan Indah
Scooter are now facing challenges in managing their inventory and understanding consumer purchasing
patterns to meet this growing demand effectively [1][2]. In today’s competitive market, sales data analysis
has become essential for businesses. Understanding sales trends and consumer behavior allows stores to make
more informed and strategic decisions. Davenport et a/ (2007) state that data analysis is key to improving
business performance and competing effectively. By leveraging data correctly, stores can identify popular
products and optimize available stock, helping to improve operational efficiency and customer satisfaction [1].
Moreover, sales analysis can provide valuable insights for designing promotions and offers that align more
closely with consumer needs. For instance, segmenting products and sales based on historical data helps in
crafting targeted marketing strategies that reach the right audience [5][6]. Using clustering methods like K-
Means enables stores to group products by characteristics such as sales volume, facilitating stock and
promotion planning. Anggraeni and Handayani (2023) show that K-Means clustering can be applied to ticket
sales analysis, which can inform marketing strategies more effectively [7].

Efficient inventory management is a critical aspect of spare parts stores. Poorly managed stock can result
in financial losses, either from overstocking, which increases storage costs, or stockouts, which can lead to
missed sales opportunities. Chopra and Meindl (2007) emphasize that good inventory management is one of
the key factors in the success of retail operations. Stores need an efficient inventory system, supported by
accurate sales analysis, to ensure that the right products are available at the right time, avoiding unnecessary
resource waste [2]. Effective inventory management also strengthens relationships with suppliers, helping to
reduce operational costs in the long term. Applying the right analysis methods, such as K-Means clustering,
can also assist stores in identifying sales patterns that might not be immediately obvious through traditional
methods. By using this technique, stores can categorize spare parts into different groups based on sales levels,
making inventory management and decision-making easier. Yulianti et a/ (2019) argue that K-Means clustering
can be used to understand customer preferences by grouping products based on relevant criteria, such as
purchase frequency or sales volume [5].

Prasetya et al. (2023) demonstrate that K-Means clustering, combined with the Elbow Method, can help
determine the optimal number of clusters for analyzing sales patterns, providing a clearer understanding of
consumer behavior and market demand [6]. By applying this method, Harapan Indah Scooter can improve its
sales strategy by optimizing inventory levels and targeting promotions more effectively. Understanding which
products fall into high, medium, or low sales categories will help the store make more informed stock and
promotional decisions. This approach not only aids in stock planning but can also guide pricing and promotional
strategies. Pambudi and Witanti (2021) highlight that clustering with K-Means allows stores to map out
different levels of product sales and develop more focused marketing campaigns based on product
segmentation [11]. Therefore, the use of K-Means in stores like Harapan Indah Scooter can enhance
operational efficiency, improve customer satisfaction, and drive sales growth. In conclusion, the application of
data analysis techniques such as K-Means clustering offers significant benefits in managing scooter spare part
sales and inventory. Through proper analysis, stores can identify sales trends, understand consumer behavior,
and design more effective marketing strategies. Consequently, implementing the K-Means algorithm at
Harapan Indah Scooter can help optimize operational performance and boost sales in the future [9][10].

By leveraging data analysis methods such as K-Means clustering, stores like Harapan Indah Scooter can
improve their ability to understand sales patterns and optimize inventory management. The findings from this
approach will not only help in improving stock allocation and sales strategies, but also provide a basis for more
informed decision making in a competitive market. Given the background, the purpose of the study is to
demonstrate how data-driven strategies can lead to more effective operational practices, greater customer
satisfaction, and improved business performance in the spare parts retail sector.

2. Research Method

This study employs a combination of data collection methods to obtain the necessary information for
analysis. The first method utilized is observational research, which involves direct observation of the
phenomena being studied. In this case, the researcher conducted field observations at Harapan Indah Scooter,
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located in Bekasi, to examine the sales patterns of scooter spare parts. The second method is interviewing, a
qualitative research technique that facilitates direct communication between the researcher and the
respondents to obtain in-depth information pertinent to the research topic. The researcher conducted
interviews with the owner of Harapan Indah Scooter to gather relevant data for the study. Lastly, the literature
review method was employed, drawing on existing academic resources such as books, journal articles, and
online publications to collect secondary data that supports the research.

These methods enabled the researcher to gather the required data for subsequent analysis. The research
was conducted at Harapan Indah Scooter, located at Setia Asih, Tarumajaya, Bekasi, West Java 17215. The
methodological framework for this study is organized into several phases, as follows. The first phase is problem
identification, a critical step in recognizing and defining the research problem. In this study, the problem
identified was the lack of a clear understanding of the sales performance of scooter spare parts at Harapan
Indah Scooter and the difficulty in categorizing spare parts based on consumer demand, ranging from highly
preferred to less popular items. The second phase involves data collection, wherein the researcher identifies
and compiles the necessary data relevant to the study. Data was directly collected from Harapan Indah Scooter
through both observation and interviews with the store owner. The third phase is data analysis, which refers
to the systematic process of organizing and examining the data to understand various aspects of the scooter
spare parts sales. This phase begins with gathering data from multiple sources, including sales records and
stock inventories of scooter spare parts. After the data is collected, it undergoes a process of cleaning and
preparation for further analysis. The fourth phase, data processing, involves the preparation of the data for
analysis using the K-Means clustering technique. This includes the removal of incomplete or irrelevant data
and the organization of the data for clustering analysis. The cleaned data was then processed using K-Means
clustering in Microsoft Excel to classify products based on sales performance, distinguishing between low and
high-selling items. The final phase is data testing, an essential step to evaluate the accuracy and applicability
of the processed data. In this study, data testing was conducted using RapidMiner, a widely recognized data
analysis platform, which provides a suite of tools for data processing, analysis, and testing.

3. Result and Discussion

3.1 Results

In this study, the sales of scooter spare parts were analyzed using RapidMiner software for data
processing, alongside Microsoft Excel with the Elbow Method to determine the optimal number of clusters (k)
for the analysis. The K-means clustering algorithm was employed to classify the data into distinct groups based
on sales performance. The first step in the process involved determining the value of k, which represents the
number of clusters to be formed. Initial centroids were selected randomly from the available data. The next
step was to calculate the Euclidean distance between each data point and the centroids in order to assign
each data point to the closest centroid. After classifying the data, the centroids were recalculated as the mean
of all data points assigned to each cluster. This process was repeated until the centroids stabilized, indicating
that the clustering process was complete. To determine the optimal number of clusters, the Elbow Method
was used. This method calculates the average within-centroid distance for various values of k. The results,
shown in Table 1, indicate that when k=3, the within-centroid distance sharply decreased and then stabilized,
confirming that three clusters was the optimal choice for the data. The values in Table 1 reveal the following:

Table 1. Average Within-Centroid Distance
Avg. Within Centroid Distance

799.166

236.426

118.788

60.994

36.361

21.883

NoOuUulhWN (X

The graph in Figure 1 illustrates this "elbow" point where the curve begins to flatten, further confirming that
k=3 is the most appropriate number of clusters to form.
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Figure 1. Elbow Method

Based on the graph above, the best number of clusters to form is a cluster with a value of k = 3, because the
elbow of the graph is at point 2, namely the cluster with a value of k = 3 with an Avg dist value of 236,426.
The data obtained will be calculated first, the existing data is the number of transactions and sales of scooter
spare part products as shown in the following figure.
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Figure 2. Scooter Spare Parts Data

After determining the optimal k, the next step was to classify the data into three clusters: low sales, medium
sales, and high sales. Initial centroids were chosen randomly from the dataset. For Cluster 0, the centroid was
represented by the data "Battery Pack Lithium-ion 36V 7Ah," for Cluster 1, it was "Nickel Plate 18650 1 Meter,"
and for Cluster 2, it was "Charger Lithium-ion 36V 2A."

Table 2. Initial Centroid Determination

Centroid TS PP
Cco 25 25
C1 20 50
C2 5 10

Subsequently, the Euclidean distance between each data point and the centroids was calculated, and the data
was grouped accordingly. The centroids were recalculated based on the newly assigned data points.
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Figure 3. Distance Calculation and Data Grouping for the 1st Iteration
After the first iteration, the new centroid values were obtained, as shown in Table 3:

Table 3. New Centroid Values
Centroid TS PP
Co 24.57 26.43
C1 45.14 105.43
C2 6.00 7.95

The new centroids were then used for the second iteration, and since the centroids did not change further,
the process was stopped. The results of these calculations can be seen in Table 3 (first iteration) and Table
4.6 (second iteration), indicating that the clustering process had converged.
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Figure 4. Distance Calculations and Data Grouping - Iteration 2

To validate the results, the data was tested using RapidMiner Studio Version 10.1, a software platform that
allows for comparison between manually processed data and results generated by the software. The process
was initiated by selecting "Start" and creating a new "Blank Process" in the software, as shown in Figure 5.
After that, the data was imported in CSV format using the "Read CSV" operator, as illustrated in Figure 5.
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After uploading the data, the "K-Means" operator was applied to perform the clustering, with the number of
clusters set to 3. The clustering process was connected to the "Result" node to display the output, as shown
in Figure 7. The results of the clustering were displayed in the "Example Set" window, which offers various
views and visualizations, such as Data View, Statistics View, and Visualizations. The graphical representation
of the clusters can be seen in Figure 9, where the clustering results for three groups were shown clearly.
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Figure 7. Data Clustering Process in RapidMiner Figure 8. Cluster Visualization in RapidMiner

The final clustering results revealed three groups, each representing products with different sales performance.
Cluster 0 contained 27 items, representing low sales, Cluster 1 had 7 items for medium sales, and Cluster 2
contained just 1 item for high sales. Products in Cluster 0 included items such as the "Battery Pack Lithium-
ion 36V 7Ah," "Controller 48V 1500W," and "Charger 36V 2A." Cluster 1 included items like the "Battery Pack
Lithium-ion 36V 15Ah" and "Nickel Plate 18650 1 Meter," while Cluster 2 consisted of a single high-selling item,
the "Battery 18650 LG M26." These results are summarized in Figure 9, providing insight into the sales
distribution of scooter spare parts.

File Edt Process View Comnecfions Sefings Biensions Help
H- b B s Desn Resits  TuwtoFrep  Autobacel
Resuft History 3 ExampleSst Clusterng) B Cluster Model (Clustering) H ExampleSet (fLocal Repasitorylskrips])
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= C(luster Model
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Folder
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Figure 9. Distribution of Products in Each Cluster

The clustering analysis successfully identified three distinct groups based on sales volume. These groups allow
for a clearer understanding of product demand and provide valuable information for inventory management,
pricing strategies, and targeted marketing efforts.

3.2 Discussion

The general framework configuration represents the final design of the system to be developed. Below is
the The use of the EIbow Method to determine the optimal number of clusters was a critical step in the analysis.
The method revealed that the best choice for k was 3, as shown in Figure 1, where the decrease in the average
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within-centroid distance slowed significantly after k=3. This indicates that three clusters were sufficient to
represent the various sales levels, and further increasing the number of clusters would not yield substantial
improvements in the grouping. The results confirm that the Elbow Method is an efficient technique for
identifying the appropriate number of clusters in a dataset like the one used in this study.

After determining the optimal number of clusters, the K-means algorithm successfully grouped the scooter
spare parts into three clusters based on their sales performance. Cluster 0 consisted of products with low
sales, such as the "Battery Pack Lithium-ion 36V 7Ah," "Controller 48V 1500W," and other low-demand items.
Cluster 1 contained products with medium sales, including items like the "Battery Pack Lithium-ion 36V 15Ah"
and "Nickel Plate 18650 1 Meter." Lastly, Cluster 2, with only one item, the "Battery 18650 LG M26,"
represented high-sales products. The grouping of products into these three categories allowed for a clearer
understanding of sales performance and provided actionable insights for managing inventory more efficiently.

The distribution of products into these clusters aligns with the expectations of a retail business, where some
products naturally perform better than others. Cluster 0, which includes 27 items, represents products with
low demand. These items are likely to accumulate in inventory and could be at risk of obsolescence if not
managed carefully. Managing these low-sales items effectively is essential to prevent overstocking and
minimize storage costs. Retailers may consider discounting, bundling, or promoting these products to boost
their sales.

Cluster 1, which includes 7 items, represents products with medium sales. These products have a moderate
turnover and could benefit from targeted promotional strategies to increase their sales volume. Identifying the
characteristics of products in Cluster 1—such as price, features, or customer demand—could help refine
marketing strategies to boost their performance further. Additionally, better demand forecasting can assist in
optimizing stock levels for these items, ensuring that they are available without excessive overstock. Cluster
2, which contains just one product, the "Battery 18650 LG M26," represents high-sales items. These products
are the most popular and generate significant revenue. Understanding the factors that contribute to the high
sales of these items—such as superior quality, better customer preference, or competitive pricing—can help
businesses replicate the success of these items with other products. For example, enhancing the visibility of
high-sales products in marketing campaigns or increasing stock availability can drive even more sales.
Furthermore, promoting complementary products to these high-demand items may create cross-selling
opportunities.

The results of this analysis offer several practical applications for inventory management. By classifying
products into low, medium, and high sales clusters, businesses can manage stock more effectively, ensuring
that they focus on maintaining adequate stock levels for high-sales products, avoid overstocking low-demand
items, and adjust marketing strategies for medium-sales products. Additionally, these insights can help
businesses plan better promotional activities, such as discounts or special offers, for products in the low-sales
group, or focus on bundling for medium-sales items to enhance their appeal.

Furthermore, the use of RapidMiner Studio for testing the clustering results validated the efficiency of the
manual data processing approach. The software’s ability to quickly generate results and visualize clusters
allowed for a comparison between manual and automated clustering methods, confirming the accuracy and
reliability of the findings. The software’s capabilities in visualizing cluster distribution, such as in Figure 9,
further support the results by clearly presenting the differences in product performance based on sales. The
clustering results from this study offer actionable insights into how scooter spare parts are performing in the
market, which can directly inform decisions on inventory management, sales strategies, and marketing. By
applying the K-means algorithm and the Elbow Method, businesses can identify underperforming products,
optimize stock levels, and design targeted promotions to improve sales across different product categories.
This method can be further applied to other sectors in retail or inventory management to improve operational
efficiency and profitability.

4. Related Work

This study applies the K-Means clustering algorithm to analyze the sales of scooter spare parts, which
shares similarities with several other studies that have used clustering techniques for sales analysis across
different industries. Pambudi and Witanti (2021) utilized K-Means clustering to analyze sales data for Ayu
Collection, an online store, grouping products based on sales performance to optimize inventory management
and sales strategies. This approach mirrors the current research, where spare parts are similarly categorized
into low, medium, and high-sales groups, helping improve inventory control and operational efficiency [11].
Similarly, Sharyanto and Lestari (2022) employed K-Means clustering in e-commerce for customer
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segmentation using the RFM (Recency, Frequency, Monetary) model, focusing on consumer purchase patterns.
While their work segments customers, this study focuses on segmenting products based on sales volume [12].

Surapati and Jannah (2024) also applied K-Means clustering to analyze customer interests in purchasing
K-pop merchandise. This study used clustering to identify customer segments and adjust marketing strategies
accordingly, a concept somewhat similar to segmenting products based on sales to enhance product
promotions and demand forecasting [13]. Triyandana et a/. (2022) employed K-Means for grouping food and
beverage menu items by sales volume, optimizing product offerings, and managing inventory. This parallels
the approach in this study, where spare parts are classified to optimize stock levels and improve sales
performance [14]. Beyond retail product analysis, K-Means clustering has been applied in other sectors, such
as education and telecommunications. Sulistiyawati and Supriyanto (2021) used K-Means to group students
based on academic performance, identifying those in need of additional resources [15]. In telecommunications,
Handoko et al. (2020) applied K-Means clustering to assess the sales performance of Telkomsel data packages,
identifying high and low-performing packages to optimize sales strategies [17]. This is similar to the current
study, where spare parts are grouped to identify top performers and slow-moving items.

K-Means clustering has also been used in the automotive sector, specifically for analyzing motorbike spare
parts sales. Hutabarat and Sindar (2019) applied K-Means to categorize motorcycle spare parts based on sales,
enabling better stock management by identifying low-demand products that could be discounted or promoted.
This study follows a similar pattern, analyzing scooter spare parts to improve inventory control and sales
efficiency [18]. Darmi and Setiawan (2017) also employed K-Means for product classification, enabling
businesses to identify slow-moving products and optimize stock [19]. Some studies have used K-Means
clustering in customer relationship management (CRM). Montero (2022) applied K-Means to group customers
based on their purchasing behavior, aiming to optimize CRM strategies and improve customer retention [20].
Ridzki (2023) used K-Means to classify best-selling products in grocery stores, helping businesses focus on
high-performance products and adjust their sales strategies accordingly [21]. The integration of K-Means with
RFM models in some studies, such as the one by the Primskystore team (2023), also mirrors the way K-Means
has been applied to product-level sales analysis, enhancing decision-making and sales management [22].

The primary difference between this study and previous research lies in the specific focus on scooter
spare parts as the product category. While many studies like Hutabarat and Sindar (2019) focused on
motorbike spare parts, or Handoko et al. (2020) on data packages [17], this research examines a niche market
within the automotive sector, targeting a specific store, Harapan Indah Scooter, to analyze its sales
performance. Furthermore, unlike Sharyanto and Lestari (2022), this study does not employ customer
segmentation based on RFM data, focusing solely on product sales and inventory optimization instead of
customer behavior [12]. This study shares several similarities with previous research in applying K-Means
clustering to sales data, but it also offers a fresh perspective by focusing on a specific product within a
specialized market. By targeting scooter spare parts, the methodology employed here adds to the broader use
of clustering techniques in retail and inventory management.

5. Conclusion

Based on the results of data analysis and processing, it can be concluded that the K-Means algorithm has
proven effective in identifying sales patterns of scooter spare part products. By using this method, researchers
have succeeded in grouping products based on their sales levels. Three sales groups were found after the
data was analyzed, namely Cluster 0 for products with low sales, Cluster 1 for products with medium sales,
and Cluster 2 for products with high sales. Cluster 0 consists of 27 items, Cluster 1 consists of 7 items, and
Cluster 2 consists of only 1 item. Cluster 0 includes products with low sales, while Cluster 1 and 2 include
products with medium and high sales. The results of this analysis provide a better understanding of the
distribution of scooter spare part product sales and provide useful information for Harapan Indah Scooter to
increase sales and plan more effective marketing strategies.
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