
Jurnal ELTIKOM:  
Jurnal Teknik Elektro, Teknologi Informasi dan Komputer 
 

83 

Vol. 8, No. 1, June 2024, page. 83-90 

ISSN 2598-3245 (Print), ISSN 2598-3288 (Online) 

DOI: http://doi.org/10.31961/eltikom.v8i1.1137 

Available online at http://eltikom.poliban.ac.id 

 

 

K-MEANS CLUSTERING METHOD FOR CUSTOMER 

SEGMENTATION BASED ON POTENTIAL PURCHASES 
 

Baiq Nikum Yulisasih1,*, Herman1, Sunardi2 
1) Departement of of Informatics, Universitas Ahmad Dahlan, Yogyakarta, Indonesia 

2) Department of Electrical Engineering, Universitas Ahmad Dahlan, Yogyakarta, Indonesia 

e-mail: 2307048005@webmail.uad.ac.id, hermankaha@mti.uad.ac.id, sunardi@mti.uad.ac.id 

 

Received: 15 April 2024 – Revised: 11 June 2024 – Accepted: 15 June 2024 

 

ABSTRACT 

The rapid growth in customer data has driven companies to develop smarter and more effective marketing 

strategies. One efficient approach is customer segmentation, which involves dividing a market or group of cus-

tomers into smaller segments based on similar characteristics or behaviors. Customer segmentation improves 

understanding of customer needs, preferences, and behavior. This study uses customer segmentation based on 

purchase potential at Fast Moving Consumer Goods (FMCG). Analyzing potential purchases can help identify 

market opportunities, implement more effective pricing, target promotions, manage stock and distribution, and 

develop new products to enhance customer satisfaction. The most commonly used segmentation method is the K-

Means Clustering algorithm, which groups data into homogeneous clusters. This study aims to segment customers 

based on potential purchases using the K-Means Clustering method. The customer dataset in FMCG stores was 

divided into three clusters using seven attributes: Sex, Marital Status, Age, Education, Income, Occupation, and 

Settlement Size. The results, calculated in Microsoft Excel, concluded after four iterations with three clusters: k1 

(Cluster 1) with 535 customers having low purchase potential, k2 (Cluster 2) with 685 customers having high 

purchase potential, and k3 (Cluster 3) with 7810 customers having medium purchase potential. 

  

Keywords: customer segmentation, k-means clustering, potential purchases. 

 

I. INTRODUCTION 

N an era of increasingly complex and competitive business, understanding customers profoundly is 

crucial for companies to achieve a competitive advantage. One significant approach is customer 

segmentation, which allows companies to divide the market into separate groups with similar 

characteristics, enabling more focused and effective marketing strategies [1]. The main objective of 

customer segmentation is to design and build a clustering model for customer segmentation using the k-

means clustering algorithm. The urgency of this research lies in finding alternative solutions to group 

customer segmentation based on purchasing potential, optimizing customer retention and attracting new 

customers. The novelty of this study is the use of the k-means clustering algorithm to determine 

customer segmentation based on purchasing potential through clustering for customer profile grouping 

[2]. 

Some consumers who previously shopped at supermarkets have switched to buying products online 

through e-commerce platforms [3], [4]. This change in shopping patterns is driven by several reasons, 

such as the convenience of online shopping that can be done anytime and anywhere, a wider selection 

of products, and attractive promotions offered by e-commerce platforms [5], [6]. Ipsos Global Trends 

2021 Aftershocks and Continuity research shows that online shopping transactions in Indonesia rank 

highest among 25 countries surveyed, with 73% of total transactions occurring online [7]. E-commerce 

transactions can be categorized into business-to-business (B2B) for large transactions between 

companies and business-to-consumer (B2C) for smaller transactions dominated by retail sales [8], [9].  

Currently, one popular form of B2C is the sale of goods through marketplaces such as Alibaba, 

Shopee, and Tokopedia [10]. These B2C e-commerce companies compete fiercely to capture customers 

and increase their sales [11]. Meanwhile, online customers are usually very fluid and changeable both 
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in deciding the details of the goods they will buy and where they buy them. This is because there are so 

many choices in the online marketplace [12]. Extensive research, both academic and industrial, has been 

conducted to examine online consumer behavior [13]. Previous studies concluded that several 

interrelated factors influence customer decisions to buy items on an e-commerce platform [14].  

These factors are known as customer preference factors. Unfortunately, there are so many preference 

factors that obtaining data on all of them is not always easy. They range from simple factors such as 

age, gender, education, and income, to complex and specific factors such as sexual orientation, music 

taste, and social values [15], [16].  Customer segmentation enhances understanding of customer needs, 

preferences, and behavior. The implementation of segmentation enables Fast-Moving Consumer Goods 

(FMCG) stores to provide more personalized and relevant customer services, support purchasing 

behavior analysis, and build strong relationships with consumers, leading to sustainable business growth 

[17], [18].  

This research utilizes customer segmentation based on purchasing potential in FMCG stores. FMCG 

stores are retail outlets that focus on selling consumer products with high turnover rates. These products 

are daily necessities for consumers and have fast consumption characteristics. FMCG stores typically 

offer affordable products and are often strategically located for easy customer accessibility [19]. 

Products sold in FMCG stores include various categories such as food and beverages, personal care and 

hygiene products, health items, household essentials, and children and baby products. Analyzing 

purchasing potential can aid in identifying market opportunities, developing effective pricing strategies, 

targeting promotions, managing inventory and distribution, and improving products to enhance 

customer satisfaction. The most commonly used segmentation method employs the K-Means Clustering 

algorithm, a machine learning algorithm for grouping data into homogeneous clusters [20].  

Research on online sales customer segmentation using the K-Means clustering method varies. One 

study used transaction data from online/retail stores in the United Kingdom registered with an online 

retail company from December 1, 2010, to December 9, 2011, totaling 541,909 transactions. The results 

revealed two clusters: cluster 0, with customers having higher total transactions, and cluster 1, with 

customers making the most frequent transactions [2]. Another study focused on customer segmentation 

using the K-Means method with data from 9,000 credit card users in a bank. The results identified three 

clusters: cluster 1 with moderate credit card usage, cluster 2 with the least credit card usage, and cluster 

3 with the most frequent credit card usage and product purchases [21]. A different study applied the K-

Means method to customer grouping in UMS store. This research successfully created a customer 

grouping system with three clusters based on a sample of 357 data. Cluster 3, with 10 data points at the 

final centroid, was identified as the potential customer group, recommended for UMS Store [22]. A 

different study applied the K-Means method to customer grouping in the UMS store. This research 

successfully created a customer grouping system with three clusters based on a sample of 357 data 

points. Cluster 3, with 10 data points at the final centroid, was identified as the potential customer group 

recommended for the UMS store [22]. 

A study on customer segmentation based on loyalty levels used K-Means and LREM feature selection 

in an online retail store. This research utilized a dataset from the Kaggle online retail platform between 

January 4, 2011, and December 10, 2011, consisting of 37,980 records with 8 different attributes. The 

segmentation divided customers into four groups: Premium Loyalty, Inertia Loyalty, Latent Loyalty, 

and Not Loyal [23]. Multichannel marketing customer segmentation research helps in comparing multi-

dimensional consumer buying patterns with interconnected variables [24].  

K-Means clustering method has been applied in various research and business contexts. For instance, 

in the studies mentioned, the method was used to group customers in online sales based on factors such 

as purchasing behavior, price trends, and demographic data. The results indicated that the application of 

customer segmentation can assist e-commerce companies in designing more effective marketing 

strategies [21].  

By applying this method to customer data, companies can identify potential segments and optimize 

product offerings, pricing, and services. Based on previous research testing the success of the K-Means 

method in various contexts, the objective of this research is customer segmentation based on purchasing 

potential using the K-Means Clustering method. This study can provide valuable insights for companies 
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in improving customer experience, increasing customer retention, and enhancing marketing efficiency 

through a better understanding of customer needs and behavior. 

II. RESEARCH METHOD 

This research involves a series of important steps to prepare and plan the research stages 

comprehensively. A literature review is a thorough examination of literature and information sources 

relevant to a research topic [8], [9]. It aims to identify knowledge gaps, build a conceptual framework, 

evaluate research methods, provide historical context, and support arguments and analyses in the 

research. The subsequent stages conducted in this research are outlined as follows: 

A. Data collection 

This research collects data by searching for customer segmentation datasets on the Kaggle website by 

Dev Sharma as the research object [10]. The dataset description is presented in Table 1. Source link: 

[Kaggle Dataset]. 

B. Customer Segmentation Dataset 

The data collected consists of customer data. The row dataset for customer segmentation is presented 

in Table 2. 

C. Data Pre-processing  

The data pre-processing stage involves checks for missing values and data normalization [25], [26]. 

Checking for missing values involves identifying and handling empty data in the dataset, while data 

normalization scales the values of variables uniformly. Both steps are crucial in the implementation of 

k-means clustering, where checking for missing values ensures data integrity before analysis, and 

normalization helps address scale issues that can affect clustering results [27], [28]. Normalization uses 

feature scaling technique as shown in (1). Here, 𝑋 𝑛𝑒𝑤 denotes the new value after normalization, 𝑋 𝑜𝑙𝑑 

is the initial data value before normalization, and 𝑋 𝑚𝑎𝑥  is the maximum value among all data in the 

same attribute [29]. 

𝑋𝑛𝑒𝑤 =
𝑋𝑜𝑙𝑑

𝑋𝑚𝑎𝑥
 (1) 

TABLE 1 

DATASET DESCRIPTION 

Attribute Description  
Id Display customer code from 1-2000 
Sex Gender: 0= Male, 1 = Female 
Marital Status Marital status: 0= Single, 1=Married 
Age 
Education 

Age (years): minimum= 18, maximum= 78 
Level of customer’s education:  
 0= other/unknown, 1= high school, 2= university, 3= graduate school 

Income  Annual Revenue (US$): Minimum=$35832, Maximum= $309364 
Occupation Occupation: 0= Unemployed/Unskilled, 1= Skilled employee/Official, 2= Management/Self-employed/High-quality 

employee/Official.  
Settlement Size Settlement size of the city where the customer is: 0= Small town, 1= Medium city, 2= Large city 

 
TABLE 2 

ROW DATASET BEFORE NORMALIZATION  

Id Sex Marital status Age Education Income Occupation Settlement size 
100000001 0 0 67 2 124670 1 2 
100000002 1 1 22 1 150773 1 2 
100000003 0 0 49 1 89210 0 0 
100000004 0 0 45 1 171565 1 1 
100000005 0 0 53 1 149031 1 1 
100000006 0 0 35 1 144848 0 0 
100000007 0 0 53 1 156495 1 1 

….. ….. ….. ….. …….. ….. ….. ….. 
100001998 0 0 31 0 86400 0 0 
100001999 1 1 24 1 97968 0 0 
100002000 0 0 25 0 68416 0 0 

 

https://www.kaggle.com/datasets/dev0914sharma/customerclustering/data?select=segmentation+data.csv
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D. Application of K-Means Clustering 

The next step after preprocessing is the implementation of K-Means clustering. K-Means clustering, 

introduced by Macqueen, is the most famous algorithm in clustering techniques [30]. It is also one of 

the most prominent clustering techniques in science and technology [31]. Its goal is to divide data into 

several groups [32]. The flowchart of K-Means Clustering can be seen in Figure 1.  

The following is the explanation of the stages of the K-Means Clustering Flowchart in Figure 1 [33]. 

First, determining the number of clusters (k) is the first step in finding the optimal number of clusters 

for the data to be grouped. Second, determining the initial centroids randomly in each cluster. The initial 

centroid selection is done by randomly selecting data points from the dataset. The data points chosen to 

be initial centroids are selected without considering the distribution or specific characteristics of the 

data. Each point in the dataset has an equal chance of being chosen as an initial centroid. Third, 

calculating the distance between each data point and every cluster centroid. In K-Means Clustering, the 

distance between each data point and every cluster centroid is calculated using the Euclidean Distance 

formula. To calculate the distance between data point x row I (i=1,2,3,..,n), and data point c row h 

(h=1,2,3,…,k), denoted as 𝑑 (𝑥𝑖, 𝑐ℎ), where n is the total number of data rows, m is the number of 

attributes, and k is the number of clusters. The distance formula 𝑑 (𝑥𝑖, 𝑐ℎ)is shown in (2).  

𝑑 (𝑥𝑖 , 𝑐ℎ) =  √∑ ∑(𝑥𝑖𝑗 −  𝑐ℎ𝑗)2

𝑘

ℎ=1

𝑚

𝑗=1

 

𝑑 (𝑥𝑖, 𝑐ℎ) =  √(𝑥𝑖1 − 𝑐ℎ1)2 +  (𝑥𝑖2 − 𝑐ℎ2)2 + (𝑥𝑖3 − 𝑐ℎ3)2 +  … + (𝑥𝑖𝑚 −  𝑐ℎ𝑚)2  

(2) 

Where 𝑥𝑖𝑗 is the j attribute of data i and  𝑐ℎ𝑗 is the j attribute of cluster h. The smallest distance from 

data i to cluster h indicates that data i belongs to cluster h. If the distance from data 5 is smallest with 

cluster 3, then data 5 is grouped into cluster 3. After determining the cluster of each data point, the 

average value of each attribute in each cluster is calculated to generate new centroids for those clusters. 

 
 

Figure 1. The flowchart of K-Means Clustering 
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The final stage is to check whether there is a change from the new centroids compared to the previous 

centroids after grouping the data into clusters. If there is a change in centroid values, the process is still 

ongoing, and data grouping must continue in the next iteration. Repeat steps 2, 3, and 4 in the next 

iteration until there are no further changes in the centroid of each cluster. If there are no changes in the 

centroids, the clustering process is considered complete. 

E. Cluster Results Analysis 

In cluster analysis, customer segmentation groups are selected based on purchasing potential, 

categorized as high, medium, and low. 

III. RESULT AND DISCUSSION 

A. Pre-processing 

The pre-processing analysis stage, which includes handling missing values and data normalization, is 

shown in Table 3. 

B. K-Means Clustering 

Determining the number of clusters is based on attributes that are significant factors influencing 

customer purchasing power [20]. Customers with more financial resources have higher purchasing 

power to meet consumption needs and desires, including purchasing goods and services. High-income 

levels are often associated with a higher quality lifestyle. Customers with high incomes tend to spend 

more on experiences, travel, or luxury products. This study categorizes customers into three clusters: 

cluster 1 (k1) represents customers with low purchasing potential, cluster 2 (k2) represents customers 

with moderate purchasing potential, and cluster 3 (k3) represents customers with high purchasing 

potential.  

This stage is the first iteration, with the determination of initial centroids done randomly. Initial 

centroids are the initial values of the cluster centers that will be identified and updated during the 

algorithm iterations to achieve the final configuration of the clusters. The cluster centers or initial 

centroids are presented in Table 4.  

The distance between the first data point and the initial centroid points (Table 4) is calculated using 

(1). This involves calculating d(1,1), the distance between the first data point and the first centroid of 

cluster 1 as 0; d(1,2), the distance between the first data point and the second centroid of cluster 2 as 1; 

and d(1,3), the distance between the first data point and the third centroid of cluster 3 as 1.  

The calculation of distances (d) from the first data point to the initial centroids, consisting of 7 

attributes, results in grouping into cluster 1, because the distance from the first data point to the first 

centroid of cluster 1, d(1,1), is the smallest, with a value of 0. The distances to the second centroid of 

cluster 2, d(1,2), and the third centroid of cluster 3, d(1,3), are both 1. The process for calculating 

TABLE 3 
ROW DATASET AFTER NORMALIZATION 

Id Sex Marital status Age Education Income Occupation Settlement size 

100000001 0 0 0.882 0.667 0.403 0.5 1 

100000002 1 1 0.289 0.333 0.487 0.5 1 

100000003 0 0 0.645 0.333 0.288 0 0 
100000004 0 0 0.592 0.333 0.555 0.5 0.5 

100000005 0 0 0.697 0.333 0.482 0.5 0.5 

100000006 0 0 0.461 0.333 0.468 0 0 
100000007 0 0 0.697 0.333 0.506 0.5 0.5 

….. ….. ….. ….. …… ….. ….. ….. 

100001998 0 0 0.408 0 0.279 0 0 
100001999 1 1 0.316 0.333 0.317 0 0 

100002000 0 0 0.329 0 0.221 0 0 

 
TABLE 4 

EARLY CENTROID  

Centroid Sex Marital status Age Education Income Occupation Settlement size 
k1 0 0 0.645 0.333 0.288 0 0 
k2 0 0 0.697 0.333 0.506 0.5 0.5 
k3 1 1 0.329 0.333 0.351 0 0 
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distances from the second to the last data points to centroid clusters 1 to 3 follows the same method as 

the calculation of d(1,1) to d(1,3). The overall distance calculation results in the clustering of the first 

iteration, directed to Table 5, the clustering results.  

Based on the clustering results of iteration 1, the average value of the 6 attributes for each cluster is 

calculated, as presented in Table 6, resulting in new centroids. Table 6 shows the centroid data of each 

cluster (k) along with the number of data points. The results show that cluster 1 (k1) consists of 265 

customers, cluster 2 (k2) consists of 825 customers, and cluster 3 (k3) consists of 910 customers. For 

the second iteration, the same process as in the first stage is used, calculating the distance of each data 

point to the new centroids in Table 6. The K-Means Clustering calculation ends at the fourth iteration, 

with the clustering results presented in Table 7. 

The average calculation of each attribute in iteration 4 results in new centroids, which are displayed 

in Table 8. In Table 8, the centroid data of each cluster (k) along with the number of data points are 

shown. The results indicate that cluster 1 (k1) consists of 535 customers, cluster 2 (k2) consists of 685 

customers, and cluster 3 (k3) consists of 780 customers. Since the centroid results and the number of 

data points in clusters for iteration 3 are the same as those in iteration 4, the calculation is terminated 

and declared complete. The number of data points for each iteration is presented in Figure 3. 

In Figures 2 and 3, cluster 2 has the same number of data points from iteration 2 to iteration 4, totaling 

685 customers. Meanwhile, cluster 1 experienced a change in the number of customer data points, 

culminating in iteration 4 with 535 customers, and cluster 3 with 780 customers.  

The data interpretation reveals that cluster 1 (k1) tends to consist of customers who are male (Sex=0), 

TABLE 5 
 CLUSTER ITERATION RESULT 1 

Id Sex Marital status Age Education Income Occupation Settlement size Cluster 

100000003 0 0 0.645 0.333 0.288 0 0 1 

100000006 0 0 0.461 0.333 0.468 0 0 1 
100000009 0 1 0.803 0.667 0.490 0 0 1 

… … … … ….. … … … … 

100002000 0 0 0.329 0 0.221 0 0 1 
100000001 0. 0 0.882 0.667 0.403 0.5 1 2 

100000004 0 0 0.592 0.333 0.555 0.5 0.5 2 

100000005 0 0 0.697 0.333 0.482 0.5 0.5 2 

… … … …  … … … … 

100001995 0 0 0.592 0.333 0.367 0.5 0 2 

100000002 1 1 0.289 0.333 0.487 0.5 1 3 
100000011 1 1 0.329 0.333 0.351 0.5 0 3 

100000012 1 1 0.316 0.333 0.412 0.5 0 3 

… … … …  … … … … 

100001999 1 1 0.316 0.333 0.317 0 0 3 

 

TABLE 6 
CENTROID ITERATION RESULTS 1 

Centroid Sex Marital status Age Education Income Occupation Settlement size Number of Data 
k1 0.204 0.068 0.515 0.299 0.293 0 0.023 265 
k2 0.028 0.201 0.511 0.310 0.453 0.604 0.633 825 
k3 0.920 0.889 0.425 0.392 0.364 0.343 0.231 910 

 
TABLE 7 

CLUSTER RESULT ITERATION 4 

Id Sex Marital status Age Education Income Occupation Settlement size Cluster 

100000003 0 0 0.645 0.333 0.288 0 0 1 

100000006 0 0 0.461 0.333 0.468 0 0 1 

100000009 0 1 0.803 0.667 0.490 0 0 1 
… … … …  … … … … 

100002000 0 0 0.329 0 0.221 0 0 1 

100000001 0 0 0.882 0.667 0.403 0.5 1 2 
100000004 0 0 0.592 0.333 0.555 0.5 0.5 2 

100000005 0 0 0.697 0.333 0.482 0.5 0.5 2 

… … … …  … … … … 
100001546 1 0 0.368 0.333 0.457 0.5 0 2 

100000002 1 1 0.289 0.333 0.487 0.5 1 3 

100000011 1 1 0.329 0.333 0.351 0.5 0 3 
100000012 1 1 0.316 0.333 0.412 0.5 0 3 

… … … …  … … … … 

100001999 1 1 0.316 0.333 0.317 0 0 3 

 

TABLE 8 

 CENTROID ITERATION RESULT 4 

Centroid Sex Marital status Age Education Income Occupation Settlement size Number of Data 

k1 0.263 0.103 0.482 0.273 0.314 0.125 0.020 535 

k2 0.003 0.238 0.510 0.315 0.464 0.628 0.751 685 
k3 0.947 0.942 0.435 0.415 0.376 0.385 0.260 780 

 

 
Figure 2. Radar Plot Results of the Sum of Cluster Data for Each Iteration 

 

 
Figure 4 Box Plot Results of the Sum of Cluster Data for Each Iteration 
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unmarried (Marital status=0), with an average age of 37 years, an annual income of around $97,107, 

high school (Education = 1), mostly unskilled or unemployed (Occupation=0), and residing in small 

towns (Settlement size=0). The total number of data points in this group is 535. Cluster 2 (k2) generally 

comprises customers who are male (Sex=0), unmarried (Marital status=0), with an average age of 39 

years, high school (Education = 1), a high annual income of about $143,402, mostly employed as skilled 

workers or officials (Occupation=1), and residing in large cities (Settlement size=2). There are 685 data 

points in this group. Cluster 3 (k3) mainly consists of customers who are female (Sex=1), married 

(Marital status=1), with an average age of 33 years, high school (Education = 1), an annual income of 

approximately $116,410, mostly employed in management, self-employed, skilled workers, or high-

level officials (Occupation=1), and residing in medium-sized cities (Settlement size=1). The total 

number of data points in this group is 780. 

Based on the clustering results of the customer segmentation dataset, it can be divided into three 

groups based on purchasing potential. Cluster k2 indicates high purchasing potential with an annual 

income of around $143,402, suggesting that customers with higher financial resources may be more 

inclined to purchase exclusive or higher-priced products. Cluster k3, with an income of about $116,410, 

indicates moderate purchasing potential, where customers have good financial capability. Meanwhile, 

cluster k1, with an income of around $97,107, depicts low purchasing potential, possibly constrained by 

financial limitations. Tailored marketing strategies adapted to the characteristics of each group can help 

FMCG stores improve sales effectiveness and better meet customer needs.  

It can be interpreted that Cluster k2, which has a relatively high income, may have higher purchasing 

potential because they have more financial resources to make purchases. Customers in cluster k2 can be 

targeted for more exclusive and expensive product offerings or promotions. Cluster k1 and k3 with lower 

or moderate income characteristics can be the focus of more affordable and tailored marketing strategies 

based on their customer profiles. 

Research on FMCG store customer segmentation using the k-means clustering method provides in-

depth insights into customer characteristics based on purchasing potential. Cluster analysis yields three 

main groups with different characteristics, allowing stores to understand the needs and preferences of 

each customer group. The benefits are significant, including the ability to design more effective 

marketing strategies, improve inventory management, and provide more personalized services.  

Suggestions for further research include developing more complex cluster models, validation 

involving business experts, using additional data such as product preferences, and temporal analysis to 

understand changes in customer behavior over time. Further research should also focus on developing 

specific and effective marketing strategies. With these steps, future research is expected to provide 

stronger guidance for FMCG stores in improving their business performance.  

IV. CONCLUSION 

The cluster analysis results on the customer segmentation dataset identified three customer groups 

with different characteristics. Cluster k1 is dominated by single male customers with low income, 

residing in small towns, and tending to have low purchasing potential. Conversely, cluster k2, featuring 

single male customers with high income, residing in large cities, shows higher purchasing potential. 

Meanwhile, cluster k3, with moderate income, encompasses married female customers, residing in 

medium-sized cities, and having moderate purchasing potential. This analysis illustrates that income 

significantly influences purchasing potential, where customers with higher income tend to have greater 

purchasing potential. Tailored marketing strategies adapted to the profile of each group can help FMCG 

stores improve sales effectiveness and customer satisfaction, with cluster k2 being a potential target for 

exclusive products or promotions. Suggestions for further research involve the development of more 

complex cluster models and validation involving business experts to enhance the accuracy and relevance 

of findings. 
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