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 The efficiency of inventory management and targeted marketing strategies relies on 

understanding sales patterns and stock levels dynamically. This study proposes a K-

Means Clustering-based approach combined with a real-time stock monitoring 

system to classify products adaptively. The dataset consists of 87 products with 

variables including total sales, average sales, and remaining stock. The analysis 

process begins with data normalization to standardize parameter scales, followed by 

the application of the Elbow Method, which determines the optimal number of 

clusters as three. The clustering results indicate that Cluster C0 (21 products) has 

high sales but low stock, Cluster C1 (59 products) has stable sales with moderate 

stock, and Cluster C2 (7 products) has low sales but abundant stock. These findings 

not only provide strategic insights for inventory optimization but also serve as the 

foundation for developing an automated recommendation system that links 

clustering results with adaptive promotional strategies and restock prediction. Thus, 

this study contributes to enhancing Zura Mart's business efficiency through the 

integration of data-driven decision-making in inventory management and marketing. 
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I. INTRODUCTION 

The development of information technology has had a 

significant impact on the retail industry, including Zura Mart, 

which struggles to utilize sales data effectively for business 

decision-making. As a growing retail company, Zura Mart 

faces challenges in understanding sales patterns, particularly 

in categorizing products based on sales performance and 

stock availability[1]. 
Currently, the sales data management system still relies on 

conventional methods without in-depth analysis, leading to 

stock imbalances such as stock out (running out of products 

during high demand) and overstock (excess inventory due to 

low sales). This issue results in financial losses and reduces 

customer satisfaction due to suboptimal product 

availability[2][3]. 

Grouping products based on average sales can help Zura 

Mart identify the most and least potential items. By 

categorizing products into high, medium, and low sales 

groups, the company can develop more effective strategies. 

High-selling products can be prioritized for restocking, while 

low-selling products can be boosted through promotions. This 

grouping process also helps the company better understand 

consumer preferences and market trends[4]. 

One technique that can be used for product grouping is the 

K-Means Clustering method, a popular clustering algorithm 

in data analysis[5]. With this algorithm, products can be 

automatically categorized into best-selling products, 

moderately selling products, and low-selling products based 

on their sales patterns. K-Means is chosen for its efficiency in 

handling medium-sized datasets[6], its ability to provide clear 

and structured clustering results, and its simplicity in 

implementation compared to other methods such as 

DBSCAN, which is more suitable for datasets with varying 

densities, or Hierarchical Clustering, which has higher 

computational complexity. This clustering approach provides 

Zura Mart with a more structured insight into the performance 

of each product and helps the company make better decisions 

regarding inventory management and marketing strategies[7]. 

K-Means Clustering is a better method for this dataset 

because the data consists of numerical variables suitable for 

grouping based on averages (centroids), the product 
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distribution pattern can be clearly analyzed using a 

predetermined number of clusters, and it is faster and more 

efficient for handling small to medium-sized datasets[8]. 

Meanwhile, DBSCAN is not suitable since this dataset does 

not exhibit varying density patterns and does not contain 

significant noise or outliers. Therefore, K-Means with three 

clusters is recommended to categorize products into high, 

moderate, and low sales groups based on Total Sales, Average 

Sales, and Remaining Stock[9].  

The objective of this study is to classify sales data at Zura 

Mart using the K-Means Clustering method to optimize 

inventory management. By categorizing products based on 

product category, average sales, and remaining stock, this 

research aims to identify sales patterns that can assist the 

company in making strategic decisions regarding stock 

management. Through clustering results, Zura Mart is 

expected to minimize the risk of overstocking or stock 

shortages, thereby improving operational efficiency and 

customer satisfaction. 

Machine learning is a branch of Artificial Intelligence (AI) 

that is also defined as the science that enables computers to 

behave like humans, where computers can make a system 

intelligent by examining the available data, especially if the 

program is not explicitly defined. Machine learning aims to 

discover and apply patterns found in data using statistical 

techniques to identify those patterns. This data processing is 

not limited to text but can also include images, sound, video, 

or user actions while using the internet. Machine learning has 

several learning techniques, including supervised learning, 

unsupervised learning, and reinforcement learning[10]. 

Clustering is a process considered an important approach 

to finding similarities in data and grouping similar data into 

clusters. Clustering is regarded as one of the most important 

unsupervised learning methods, where the problem involves 

discovering patterns in an unlabeled dataset. Clustering 

divides a dataset into several groups, where the similarity 

within a specific group is greater than the similarity between 

groups[11]. 

K-means is a clustering algorithm that works based on the 

principle of partitioned clustering. The working principle of 

partitioned clustering involves grouping items randomly, 

influenced by centroids. In each iteration of partitioned 

clustering, more than one item may be selected to be merged. 

On the other hand, the working principle of hierarchical 

clustering is done progressively. In each iteration of 

hierarchical clustering, only one item will be selected to 

merge with another item[12][13]. 

Various studies have examined the application of K-Means 

Clustering in sales analysis. Nugraha et al. (2022) found that 

this method can identify 99 best-selling items and 23 unsold 

items, helping with restocking strategies[12]. Sallaby et al. 

(2022) applied K-Means at Toko Widya Bengkulu using 

Visual Basic .Net and SQL Server 2008, resulting in three 

clusters: very popular, moderately popular, and less popular 

items[14]. Chaerunisa et al. (2021) applied K-Means to honey 

sales at Toko Teras Palawi, finding 6 optimal clusters with a 

DBI value of -0.365, indicating good proximity between 

cluster members[15]. Triyandana et al.'s study applied K-

Means clustering to sales data from Dpom Coffee, identifying 

three clusters with a DBI value of -0.457. Cluster 1 contained 

8 low-selling items, offering insights for Dpom Coffee to 

evaluate and optimize sales strategies and stock management. 

This method helps businesses identify popular and less 

popular menu items based on sales and pricing[16]. Aria et al. 

(2023) analyzed pharmaceutical data and found the accuracy 

of K-Means based on the Davies Bouldin Index to be 0.513. 

These findings show that K-Means is effective in product 

clustering and stock management strategies across various 

retail sectors[17]. 

II. METHOD 

A research framework is a conceptual structure that plans 

and organizes the research, helping researchers understand 

the relationships between variables and providing guidance in 

data design and analysis. A clear framework maintains 

consistency, ensures relevance between theory and data, and 

simplifies the interpretation of results. Additionally, the 

research framework helps identify gaps, formulate 

hypotheses, and supports the design of data collection 

instruments and appropriate methodologies. With a well-

structured framework, research effectiveness and efficiency 

are enhanced. 

The stages of the research framework are as follows: 

 

Figure 1 Research Framework 
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A. Data Representation 

This study uses data obtained from Zura Mart's sales 

records, collected from October 2024 to November 2024. The 

dataset consists of 87 entries, including product name, 

category, total sales, average sales, and remaining stock. The 

data is analyzed to identify sales patterns and group products 

with similar characteristics using the K-Means Clustering 

method. This approach aims to gain deeper insights into sales 

dynamics, as well as provide strategic guidance for stock 

management, marketing strategies, and decision-making. 

Additionally, the clustering results can be used to optimize 

product offerings based on customer needs and improve 

operational efficiency. 

TABLE 1  

DATA REPRESENTATION 

No 
Product 

Name 
Category 

Total 

Sales 

Average 

Sales 

Remaining 

Stock 

1 5 Kg Rice 
Staple 
Food 

481 40 168 

2 1 Kg Sugar 
Staple 

Food 
650 54 158 

3 
1 L Cooking 

Oil 
Staple 
Food 

310 26 166 

4 250 gr Butter 
Staple 

Food 
223 19 89 

5 
1 Kg 

Glutinous 

Rice Flour 

Staple 

Food 
207 17 66 

6 
1 Dozen 

Chicken Eggs 

(30) 

Staple 

Food 
802 67 189 

7 
1 L UHT 

Milk 

Supporting 

Item 
566 47 169 

8 1 Kg Shallots 
Staple 

Food 
443 37 187 

9 1 Kg Salt 
Staple 

Food 
628 52 182 

10 
1 Kg Red 

Rice 

Staple 

Food 
177 15 79 

11 
2 L Cooking 

Oil 

Staple 

Food 
230 19 74 

12 500 gr Butter 
Staple 

Food 
314 26 126 

13 
500 gr Fried 

Crackers 

Supporting 

Item 
309 26 155 

14 
1 Dozen 

Duck Eggs 

Staple 

Food 
267 22 95 

15 

397 gr 
Sweetened 

Condensed 

Milk 

Supporting 

Item 
335 28 197 

16 1 Kg Garlic 
Staple 
Food 

324 27 146 

17 5 Kg Sugar 
Staple 

Food 
569 47 125 

18 
5 L Cooking 

Oil 
Staple 
Food 

438 37 140 

19 
250 gr Beef 

Floss 

Compleme

ntary Item 
424 35 73 

20 
250 gr 

Sausage 
Supporting 

Item 
381 32 80 

21 200 gr Cheese 
Supporting 

Item 
402 34 74 

22 
500 gr 

Mayonnaise 

Compleme

ntary Item 
375 31 86 

23 
500 ml Sweet 

Soy Sauce 
Compleme
ntary Item 

439 37 79 

24 

500 ml 

Tomato 
Sauce 

Seasoning 394 33 95 

25 
500 ml 

Vinegar 

Compleme

ntary Item 
416 35 104 

B. Data Normalization 

The initial step in the analysis is data normalization, aimed 

at standardizing the scale of each parameter to ensure equal 

weight for all variables in the clustering process. 

Normalization is performed using the Min-Max Scaling 

method, transforming each parameter's value into the range 

[0, 1]. This process is crucial to avoid bias, as differences in 

scale among parameters could disproportionately affect the 

clustering results. Normalization ensures balanced 

contribution from each parameter, leading to more consistent, 

accurate, and representative clustering outcomes. 

Additionally, it enhances the efficiency of the K-Means 

algorithm, enabling better handling of data, especially in 

scenarios with diverse attributes. 

TABLE 2  

DATA NORMALIZATION 

No Product Name 
Total 

Sales 

Average 

Sales 

Remaining 

Stock 

1 5 Kg Rice 0,4864 0,48077 0,78832 

2 1 Kg Sugar 0,7568 0,75 0,71533 

3 1 L Cooking Oil 0,2128 0,21154 0,77372 

4 250 gr Butter 0,0736 0,07692 0,21168 

5 
1 Kg Glutinous Rice 

Flour 
0,048 0,03846 0,0438 

6 
1 Dozen Chicken 

Eggs (30) 
1 1 0,94161 

7 1 L UHT Milk 0,6224 0,61538 0,79562 

8 1 Kg Shallots 0,4256 0,42308 0,92701 

9 1 Kg Salt 0,7216 0,71154 0,89051 

10 1 Kg Red Rice 0 0 0,13869 

11 2 L Cooking Oil 0,0848 0,07692 0,10219 

12 500 gr Butter 0,2192 0,21154 0,48175 

13 500 gr Fried Crackers 0,2112 0,21154 0,69343 

14 1 Dozen Duck Eggs 0,144 0,13462 0,25547 

15 
397 gr Sweetened 
Condensed Milk 

0,2528 0,25 1 

16 1 Kg Garlic 0,2352 0,23077 0,62774 

17 5 Kg Sugar 0,6272 0,61538 0,47445 

18 5 L Cooking Oil 0,4176 0,42308 0,58394 

19 250 gr Beef Floss 0,3952 0,38462 0,09489 

20 250 gr Sausage 0,3264 0,32692 0,14599 

21 200 gr Cheese 0,36 0,36538 0,10219 

22 500 gr Mayonnaise 0,3168 0,30769 0,18978 
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23 
500 ml Sweet Soy 

Sauce 
0,4192 0,42308 0,13869 

24 500 ml Tomato Sauce 0,3472 0,34615 0,25547 

25 500 ml Vinegar 0,3824 0,38462 0,32117 

C. The number of clusters k 

This study applies the K-Means Clustering algorithm to 

group sales items based on specific characteristics. One of the 

main challenges in applying this algorithm is determining the 

optimal number of clusters. To address this, the study uses the 

Elbow method, which helps identify the point where adding 

more clusters no longer significantly improves the total 

variation explained by the model. The Elbow method is a 

common approach to determine the best number of clusters, 

aiming to divide the data optimally without creating too many 

irrelevant or redundant clusters. 

 

Figure 2 Elbow Method Graph 

Based on the Elbow method graph above, it is clear that 

after k = 3, the reduction in inertia begins to slow down, 

indicating that the elbow point at k = 3 is the optimal number 

of clusters. However, if the number of clusters is increased to 

4 or 5, inertia continues to decrease, but not significantly. 

Increasing the number of clusters to 4 or 5 may provide more 

specific segmentation, but it is important to assess whether 

this division still has clear business relevance. If the 

differences between clusters become too small or irrelevant 

from a business perspective, then choosing k = 3 remains 

preferable for balancing the variation within the clusters and 

maintaining ease of interpretation for stock management and 

marketing strategies. 

III. RESULTS AND DISCUSSION 

A. Determine The Centroid 

Initializing the initial centroids randomly serves as the 

starting point for the clustering process. In this case, the initial 

centroids are selected from the normalized data, with C0 taken 

from the 5th data point, C1 from the 3rd data point, and C2 

from the 1st data point. This initial centroid selection acts as 

a reference point for the K-Means algorithm to begin 

grouping the data into clusters. The details can be seen in the 

following table. 

TABLE 3  

INITIAL CENTROID 

Centroid 

Awal 

Total 

Penjualan 

Rata-Rata 

Penjualan 
Sisa Stok 

Centroid 0 0,048 0,03846 0,0438 

Centroid 1 0,2128 0,21154 0,77372 

Centroid 2 0,4864 0,48077 0,78832 

 

B. Calculate The Distance Of The Object To The Centroid 

After setting the initial centroids, the next step is to 

calculate the distance between each centroid and the data 

using the Euclidean Distance formula, as shown below. 

𝐷(𝑖𝑗) =  √(𝑥1𝑖 − 𝑥1𝑗)2 + (𝑥2𝑖 − 𝑥2𝑗)2+ ⋯ + (𝑥𝑘𝑖 − 𝑥𝑘𝑗)2 

Calculating the distance from Data Point 1 to Centroid 0 

with attribute values (0.048; 0.03846; 0.0438): 

𝐶0 =  √
(0,048 − 0,4864)2 + (0,03846 − 0,48077)2

+(0,0438 − 0,78832)2  

𝐶0 =  0,970640369 

Calculating the distance from Data Point 1 to Centroid 1 

with attribute values (0.2128; 0.21154; 0.77372): 

𝐶1 = √
(0,2128 − 0,4864)2 + (0,21154 − 0,48077)2

+(0,77372 − 0,78832)2  

𝐶1 =  0,384128771 
 
Calculating the distance from Data Point 1 to Centroid 2 
with attribute values (0.4864; 0.48077; 0.78832): 

𝐶2 = √
(0,4864 − 0,4864)2 + (0,48077 − 0,48077)2

+(0,78832 − 0,78832)2  

𝐶2 = 0 
 

Calculating the distance from Data Point 3 to Centroid 0 
with attribute values (0.048; 0.03846; 0.0438): 

𝐶0 =  √
(0,048 − 0,2128)2 + (0,03846 − 0,21154)2

+(0,0438 − 0,77372)2  

𝐶0 =  0,768048783 

Calculating the distance from Data Point 3 to Centroid 1 
with attribute values (0.2128; 0.21154; 
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𝐶1 = √
(0,2128 − 0,2128)2 + (0,21154 − 0,21154)2

+(0,77372 − 0,77372)2  

𝐶1 =  0 
Calculating the distance from Data Point 3 to Centroid 2 

with attribute values (0.4864; 0.48077; 0.78832): 

𝐶2 = √
(0,4864 − 0,2128)2 + (0,48077 − 0,21154)2

+(0,78832 − 0,77372)2  

𝐶2 = 0,384128771 
 
Calculating the distance from Data Point 5 to Centroid 0 

with attribute values (0.048; 0.03846; 0.0438): 

𝐶0 =  √
(0,048 − 0,048)2 + (0,03846 − 0,03846)2

+(0,0438 − 0,0438)2  

𝐶0 =  0 

Calculating the distance from Data Point 5 to Centroid 1 

with attribute values (0.2128; 0.21154; 0.77372): 

𝐶1 = √
(0,2128 − 0,048)2 + (0,21154 − 0,03846)2

+(0,77372 − 0,0438)2  

𝐶1 =  0,768048783 
Calculating the distance from Data Point 5 to Centroid 2 

with attribute values (0.4864; 0.48077; 0.78832): 

𝐶2 = √
(0,4864 − 0,048)2 + (0,48077 − 0,03846)2

+(0,78832 − 0,0438)2  

𝐶2 = 0,970640369 
 

1. Iterasi 1  

Based on the nearest centroid distance calculations 

performed above, the results for Iteration 1 have been 

obtained. The details can be seen in the following table. 

TABLE 4  

ITERATION RESULT 1 

Data 
Centroid Distance Iteration 1 

Cluster 
C0 C1 C2 

1 0,970640369 0,384128771 0 2 

2 1,208155268 0,767648724 0,388495165 2 

3 0,768048783 0 0,384128771 1 

4 0,174121297 0,594464588 0,816095798 0 

5 0 0,768048783 0,970640369 0 

6 1,623861437 1,126738685 0,746245655 2 

7 1,108154032 0,575620114 0,191491885 2 

8 1,03468556 0,336943372 0,162048425 2 

9 1,274241528 0,722853612 0,344987868 2 

10 0,113080872 0,70235042 0,943262365 0 

11 0,079011415 0,69674894 0,891712823 0 

12 0,501065194 0,292040136 0,487714873 1 

13 0,691816495 0,080305941 0,396514748 1 

14 0,251529192 0,528425197 0,721794088 0 

15 1,000505198 0,23298457 0,39068168 1 

16 0,642660797 0,148935265 0,389085307 1 

17 0,923996076 0,651441969 0,369403396 2 

18 0,759136301 0,350297959 0,223232526 2 

19 0,492934857 0,723903733 0,705979764 0 

20 0,413713098 0,648276528 0,679601097 0 

21 0,455664436 0,704476491 0,707153582 0 

22 0,40749036 0,600871655 0,6457329 0 

23 0,542886817 0,700437886 0,655639469 0 

24 0,478537318 0,552056405 0,566946476 0 

25 0,555503576 0,513344279 0,488149511 2 

 

After calculating the Euclidean Distance, data points are 

assigned to clusters based on their minimum distance to the 

nearest centroid. The clustering results from Iteration 1 are as 

follows:   

Previous Cluster: (0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

0 0 0 0)   

New Cluster: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 2 0 0 0 0 0 

0 2)   

Since changes occurred in the clustering, the process 

continues to the next iteration. In this step, centroids are 

updated based on the average values of the newly formed 

clusters. Iterations will proceed until stability is reached, 

meaning no further changes in cluster assignments. This 

ensures accurate and optimal clustering results. 

 

2. Iterasi 2  

Based on the nearest centroid distance calculations 

performed above, the results for Iteration 2 have been 

obtained. They can be seen in the following table. 

TABLE 5  

ITERATION RESULT 2 

Data 
Centroid Distance Iteration 2 

Cluster 
C0 C1 C2 

1 0,698737831 0,383059594 0,263195961 2 

2 0,885392437 0,684760373 0,463485829 2 

3 0,616350199 0,274127048 0,420129783 1 

4 0,27259434 0,433129791 0,621698989 0 

5 0,334776928 0,591102768 0,756054886 0 
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6 1,299712648 1,089675687 0,876364907 2 

7 0,807775616 0,540980708 0,355034054 2 

8 0,79774063 0,448023529 0,400522732 2 

9 0,969149861 0,708254793 0,519105328 2 

10 0,375111985 0,560229695 0,750510566 0 

11 0,266799311 0,512651814 0,677855692 0 

12 0,327412253 0,111561507 0,339955921 1 

13 0,536898123 0,203519451 0,37996309 1 

14 0,200576963 0,340312651 0,521528346 0 

15 0,838340476 0,480942829 0,551231199 1 

16 0,468025457 0,132054616 0,327162826 1 

17 0,593300023 0,47250216 0,243557518 2 

18 0,476048506 0,196015825 0,07269738 2 

19 0,189330645 0,450387171 0,442965398 0 

20 0,089087051 0,379780469 0,422552295 0 

21 0,151012692 0,432614147 0,44534955 0 

22 0,072835441 0,333875832 0,393322286 0 

23 0,222492573 0,426513776 0,392610949 0 

24 0,148988403 0,278764386 0,312098642 0 

25 0,231554354 0,241333351 0,229833638 2 

 

After completing the Euclidean Distance calculations, the 

data is grouped into clusters based on the minimum distance 

to the nearest centroid. The clustering results for Iteration 2 

are as follows: 

Previous cluster: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 2 0 0 0 0 

0 0 2) 

New cluster: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 2 0 0 0 0 0 0 

2) 

Since there is no change in the clustering results, the 

process has reached stability. At this stage, the clustering 

process is considered complete, ensuring accurate and 

optimal results. 

 

3. Iterasi 3 

Based on the nearest centroid distance calculations 

performed above, the results for Iteration 3 have been 

obtained. They can be seen in the following table. 

TABLE 6  

ITERATION RESULT 3 

Data 
Centroid Distance Iteration 3 

Cluster 
C0 C1 C2 

1 0,680344702 0,377957377 0,226305187 2 

2 0,862104644 0,674350932 0,422385333 2 

3 0,609651378 0,284017905 0,42761285 1 

4 0,292704571 0,43824192 0,665276505 0 

5 0,358820285 0,594329826 0,801116494 0 

6 1,276231803 1,08024611 0,833706155 2 

7 0,786500989 0,533000603 0,309556643 2 

8 0,782285933 0,447638757 0,371637032 2 

9 0,947309532 0,700434906 0,473724798 2 

10 0,397737832 0,565860191 0,794207522 0 

11 0,290461312 0,515677911 0,722821815 0 

12 0,323334581 0,121641605 0,375947659 1 

13 0,530733057 0,214773911 0,395225755 1 

14 0,216252052 0,344197471 0,565321558 0 

15 0,829280373 0,48766299 0,539949254 1 

16 0,460890828 0,143866312 0,348471969 1 

17 0,569447532 0,459608728 0,224854384 2 

18 0,457391154 0,186077024 0,080496788 2 

19 0,173119829 0,441590691 0,482733362 0 

20 0,070547082 0,373025572 0,466237288 0 

21 0,135888161 0,424666954 0,486839507 0 

22 0,048839375 0,327650862 0,437964786 0 

23 0,20202198 0,41644371 0,430480815 0 

24 0,125848105 0,270308061 0,35653504 0 

25 0,208976834 0,230194277 0,273725499 0 

 

After completing the Euclidean Distance calculations, the 

data is grouped into clusters based on the minimum distance 

to the nearest centroid. 

Iteration 3 results: 

Previous clusters: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 2 0 0 0 

0 0 0 2) 

New clusters: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 2 0 0 0 0 0 

0 0) 

Since changes in clustering still occur, the process 

continues to the next iteration. At this stage, the centroid 

positions are updated based on the average of the data within 

each newly formed cluster. Iterations proceed until the 

clustering stabilizes, ensuring an accurate and optimal 

clustering result. 

 

4. Iterasi 4 

After completing the Euclidean Distance calculations, the 

data is grouped into clusters based on the minimum distance 

to the nearest centroid. 

Iteration 4 results: 

Previous clusters: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 2 0 0 0 0 0 

0 0) 

New clusters: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 2 0 0 0 0 0 0 

0) 
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Since there are still changes in the clustering, the process 

will continue to the next iteration. At this stage, the centroid 

positions will be updated based on the average data within 

each newly formed cluster. The iteration will continue until 

the clustering stabilizes, ensuring an accurate and optimal 

clustering result. 

 

5. Iterasi 5 

After completing the Euclidean Distance calculations, the 

data is grouped into clusters based on the minimum distance 

to the nearest centroid. 

Iteration 5 results: 

Previous clusters: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 2 0 0 

0 0 0 0 0) 

New clusters: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 1 0 0 0 0 

0 0 0) 

Since there are changes in the clustering, the process will 

continue to the next iteration. At this stage, the centroid 

positions will be updated based on the average data within 

each newly formed cluster. The iteration will continue until 

the clustering stabilizes, ensuring an accurate and optimal 

clustering result. 

 

6. Iterasi 6 

After completing the Euclidean Distance calculations, the 

data is grouped into clusters based on the minimum distance 

to the nearest centroid. 

Iteration 5 results: 

Previous clusters: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 1 0 0 

0 0 0 0 0) 

New clusters: (2 2 1 0 0 2 2 2 2 0 0 1 1 0 1 1 2 1 0 0 0 0 

0 0 0) 

No changes occurred in the data grouping, so the data 

processing is stopped. The final result shows that cluster 0 

contains 21 samples, cluster 1 includes 59 samples, and 

cluster 2 contains 7 samples, as shown in the table below. 

TABLE 7  

CLUSTER RESULT 

Number of Clusters 

C0 C1 C2 

21 59 7 

 

D. Implementation of the K-Means Clustering Algorithm in 

Python. 

1. Import Data 

At this stage, the imported data consists of sales data from 

Zura Mart, comprising 87 entries with five main attributes: 

Product Name, Product Category, Total Sales, Average Sales, 

and Remaining Stock. This data contains essential 

information for further analysis. It will undergo preprocessing 

steps such as cleaning, normalization, and preparation to 

ensure it is ready for processing using the K-Means Clustering 

method, which will be implemented in Python. 

 

 

Figure 3 Import Data 

2. Data Normalization 

 

Figure 4 Data Normalization 

The next step is data normalization, which aims to align 

attribute values within a consistent scale. This process 

enhances analytical efficiency, ensures accurate clustering 

results, and facilitates model interpretation. Using Min-Max 
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Scaling, data values are transformed into a range of [0,1], 

ensuring equal contribution from each attribute. The 

normalized data, prepared for the clustering process, is shown 

in the following figure 4. 

3. Elbow Method 

The optimal number of clusters is determined using the 

Elbow Method with a random state of 0. This algorithm 

identifies the point where adding more clusters no longer 

significantly improves variance explanation. It ensures 

efficient clustering while preventing overfitting. The 

following image visualizes the Elbow Method used to 

determine the optimal number of clusters. 

 

 

Figure 5 Elbow Method 

4. Final Centroids 

A centroid is the central point of each cluster, calculated as 

the average position of all data points within the cluster. It 

represents the cluster's center and serves as a reference for 

further data grouping. The centroid is determined by 

averaging the attribute values of all data points in the cluster, 

making it a general representation of the cluster's 

characteristics. 

 

 

Figure 6 Final Centroids 

5. Cluster Result 

The image below presents the final clustering results, 

illustrating the optimal number of clusters determined. This 

visualization provides insights into the distribution of data 

within each cluster, helping to understand the patterns and 

characteristics of each group. These results can be further 

utilized for stock management and marketing strategy 

analysis. 

 

Figure 7 Cluster Result 

6. Scatter Plot 

This scatter plot illustrates each data point that has been 

clustered by the K-Means algorithm, with different colors 

representing each cluster. Additionally, the centroid of each 

cluster is shown as a red dot on the plot, representing the 

average position of the data within that cluster. 

 

 

Figure 8 Scatter Plot 
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The graph above shows the product grouping based on 

sales patterns and stock using K-Means clustering. The 

analysis reveals three main clusters. Cluster C0 contains 21 

products with high sales but low stock, indicating high 

demand and the need for proper restocking strategies. Cluster 

C1 includes 59 products with stable sales and sufficient stock, 

reflecting a balanced demand-supply relationship. Cluster C2 

consists of 7 products with low sales but ample stock, 

suggesting the need for more aggressive marketing strategies 

or a reevaluation of the products. 

7. DBI (Davies-Bouldin Index) 

The image below represents the Davies-Bouldin Index 

(DBI) values obtained in this study, indicating that the quality 

of product clustering has been evaluated using DBI as a 

validation metric. DBI measures the extent to which the 

formed clusters exhibit good internal density (intra-cluster 

similarity) and an optimal level of separation from other 

clusters (inter-cluster difference). 

 

Figure 9 Davies-Bouldin Index (DBI) value. 

The Davies-Bouldin Index (DBI) obtained in this study is 

0.8137. This value indicates that the clustering quality is fairly 

good, with a balance between intra-cluster similarity and 

inter-cluster difference. A lower DBI value signifies better 

clustering quality, as it shows that each cluster has high 

internal uniformity and is well-separated from other clusters. 

IV. CONCLUSION 

The K-Means clustering algorithm effectively grouped 

sales data into three distinct clusters based on characteristics 

like sales and stock levels. C0 consists of 21 products with 

high sales but low stock, highlighting the need for better stock 

management; C1 contains 59 products with stable sales and 

moderate stock, reflecting a balanced demand and supply; and 

C2 comprises 7 products with low sales but high stock, 

indicating a need for improved marketing strategies. These 

insights help in making strategic decisions for stock planning, 

promotions, and inventory management. 
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