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Abstract: Customer segmentation (CS) is a strategy to focus on the group of similar spending behavior customers. 

The advantage of CS is to closely align their policy and tactics to better target the customers. Segmenting 

customers on the basis of their spending behavior can be done with the help of machine learning as it is a great 

tool for analyzing and finding patterns in the dataset. The study is conducted in two phases. The first phase 

includes an exploratory data analysis (EDA) that helps in understanding the customer’s traits and their spending 

behavior. The second phase of the study includes the development of the ML model. For the problem of CS, there 

are no label outputs for which the data are trained. Hence unsupervised learning (UL) is the most preferred ML 

tool for the CS problem. Groupings of the customers are computed using two UL models namely k-means and 

density-based spatial clustering of applications with noise (DBSCAN). The former model grouped the data into 5 

clusters whereas the later model grouped it into 3 clusters along with some data identified as noise. The noise 

from the context of the problem of CS refers to those customers for who cannot be placed in any clusters. The 

application of UL in this study may further open up the potential for other applications in the same industry. 

 

Keywords: k-means clustering, Density-based spatial clustering of applications with noise (DBSCAN), 
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1. Introduction 

Customer segmentation (CS) is the process of dividing customers into groups based on common characteristics 

so companies can market to each group effectively. It is an effective tool for businesses to closely align their 

strategy and tactics with, and better target their customers. Malls or shopping complexes are often indulged in the 

race to increase their customers and hence making huge profits. The primary strategy followed by the manager of 

the malls is to devise a common policy to the customers that showed similar spending behavior. However in order 

to divide the customers into groups of similar spending behavior, the application of machine learning (ML) comes 

in handy.  

ML techniques are great tools for analyzing customer data and finding insights and patterns which can lead to 

rational conclusions and can help in the process of decision-making. However, for the problem of CS, there are 

no label outputs for which the data are trained. Hence unsupervised learning (UL) is the most preferred ML tool 

for the CS problem in a mall.  
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1.1. Literature review 

This section of the paper summarizes the contemporary work done by the researchers in the field of machine 

learning (ML) applied to the customer segmentation problem (CS). The CS problem is a case of unsupervised 

learning (UL) where the customers are grouped together by a common pattern. Kansal et. al. (2018) applied 3 

different clustering algorithms on 200 samples from a shop. The results of clusters obtained from k-means and 

agglomerative methods were the same while the mean shift method showed two new clusters: High buyers and 

frequent visitors and high buyers and occasional visitors [1]. By using K-means clustering it is concluded that 

customers who have high-income levels and spending scores, are suitable targets for implementing market 

strategies [2]. By using a two-step cluster analysis and subsequent MANOVA during a recessionary period it was 

found that 'young enthusiasts' are an attractive target group while 'adverse reluctant customers' are a challenge [3]. 

Findings show that criteria having the highest impact on the preferences of young people are mall campaigns for 

loyal customers, traffic in its locality, its parking facilities, facilities for disabled people, quality of its locality and 

quality of people visiting the mall [4]. This study suggests that an adequate tenant mix and a pleasant, appealing 

environment greatly attract customers, but the convenience of the shopping mall and the communication activities 

are not as significant [5]. A structured questionnaire captured factors like Lucky and Bumper offers, Frequent and 

Warranty Offers, Monetary and Quantity Benefit Offers, Gift and Exchange offers and Discount offers. It was 

found that students, between the ages of 20-30 yrs, who were dependent on their parents were conscious about 

sales promotion in shopping malls [6]. Findings show a significant transitional difference between three intra-

cohort groups: adolescents, emerging adults and young adults. Emerging adults may be lost unless retailers are 

able to engage them [7]. Research from a mall in South Africa shows gender differences; the time and money 

spent by women in malls is comparatively higher than men [8]. This research paper identified 3 main shopping 

motives: hedonic, efficiency, and accomplishment and 3 shopper segments: hedonists, achievers, and efficient 

shoppers. It showed the significant differences among them [9]. A quantitative research uncovered that the 

satisfaction level among customers tends to be high. It also helped to understand the relation of age and gender 

on customers' satisfaction and loyalty in the mall [10]. Using a consumer household survey and retail audit, a 

study shows that consumers regard car convenience as a significant determinant of where to shop [11]. A research 

study has revealed the various reasons why customers visit a mall and with what frequency. Customers view malls 

not only as shopping centers but also as an entertainment source [12].A study's findings show that physical 

environment and personal interaction encounters play an important role in customers' omnichannel experience in 

smart malls. Using a customer-centric omnichannel strategy can help gain a better understanding of the customers 

[13].A research in a mall in South Africa found six segments associated with shopping preferences: ‘Low 

Engagement Shoppers’, ‘Mean Oriented Shoppers’, ‘Brand Oriented Shoppers’, ‘Utilitarian Oriented Shoppers’ 

and ‘Ascetic Oriented Shoppers’[14]. This paper shows the impact of socioeconomic profile with variables like 

shop image, customer satisfaction w.r.t price, quality, payment mode using exploratory factor analysis [15]. 

Findings of a study reveal four dimensions: mall brand mix, consumer behavior, company attributes and market 

structure; and 21 critical success factors which help in forming the perfect strategy [16]. A paper aiming to 

investigate materialism as a retail shopping motive, through a mall intercept survey, divides Indian shoppers into 

four clusters:  balanced shoppers, materialist shoppers, hedonistic shoppers and value shoppers [17]. A research 

in India, using hierarchical and K-means clustering methods, found three cluster groups: hygienic, extended and 

prudent all of which showed significant differences [18]. In tier II cities, Findings have identified six small 

dimensions -mall environment, convenience, mall staff, mall hygiene, entertainment and security- that help predict 

customer satisfaction [19].A research done on 400 Indian shoppers shows the significant difference between 

different age groups in terms of shopping behavior. But men and women behave similarly in terms of visit 

frequency and time and money spent per visit [20]. A research in a mall in Ahmedabad exhibits how visual 

merchandising ( window display, in-store form/mannequin display, floor merchandising and promotional signage) 

results in impulse purchases [21]. This paper suggests that the atmosphere of the mall, its image, events organized, 

discounts offered greatly attract customers [22,25]. This study states that younger generations are more attracted 

to mall events and promotional schemes than older people [23]. Findings from this paper depict the relationship 

between income levels of young shoppers and its relation to impulsive buying. Antecedent factors  have formed 

5 shopper segments [24]. More research papers are reviewed for the study but limiting the literature section to the 

most recent and relevant papers. 
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1.2. Motivation and novelty 

From the literature reviewed for the study some of the gaps that are identified are as follows: 

1. Although there is much literature that involves the application of ML in the problem of CS, yet there is 

very little research done in the field of CS in malls. 

2. The literature reviewed for the study mostly applies centroid based clustering algorithms without 

mentioning its upper hand in that over other clustering algorithms. 

3. Above that, the existing literature either performs exploratory data analysis (EDA) to identify the 

spending behavior of the customers or groups them into clusters depending on a certain pattern. There is 

very little research paper that simultaneously performs the two tasks. 

In the present study, the first gap identified in the literature will be addressed by collecting the dataset from the 

customers of the malls. The second gap identified in the literature will be addressed by solving the CS problem 

by k-means and DBSCAN algorithm. The k-means algorithm is a centroid based clustering algorithm and the 

DBSCAN is a density-based clustering algorithm. The motive behind solving the same problem by two algorithms 

is to know the advantage of centroid based clustering algorithms over other methods. The third gap will be 

addressed by performing an EDA analysis by plotting histogram and violin plot for the dataset. The EDA analysis 

will show the trend in customers’ traits about their spending behavior.  

The remainder of the paper is drafted in the following format. Section 2 of the paper discusses the case study and 

the assumptions considered for solving the problem. Section 3 briefly describes the preliminary concept of the 

methodology used for analyzing the dataset. Section 4 of the paper describes the result obtained after applying the 

proposed methodology in the case study and validates the proposed model. Finally the paper is concluded in 

section 5 

2. Case study 

In this section of the paper, a brief description of the case study along with the different assumptions, dataset and 

data preprocessing is discussed. 

 

2.1. The problem 

The problem of CS in malls is about segregating the customers into groups based on common characteristics with 

the aim to market and sell products to each group of customers effectively and appropriately. Common 

characteristics in CS can guide how a company markets to individual segments and what products or services it 

promotes to them.  

In a mall, the main aim is to arrange the products in sections in such a way that each segment is primarily focussed 

to a certain group of customers. By segmenting the products according to the customers' needs, the malls aim at 

increasing their profit as well as their reputation among their customers. The CS also helps the mall to answer the 

following questions: 

a) Will a product launched be accepted by the customers? 

b) Which group of customers will mostly accept the product? 

c) What will be the demand and how much to be ordered from the manufacturers? 

Segmentation allows marketers to better tailor their marketing efforts to various audience subsets. Those efforts 

can relate to both communications and product development. Specifically, segmentation helps a mall: 

I. Create and communicate targeted marketing messages that will resonate with specific groups of 

customers, but not with others (who will receive messages tailored to their needs and interests, instead). 
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II. Select the best communication channel for the segment, which might be email, social media posts, radio 

advertising, or another approach, depending on the segment.  

III. Identify ways to improve products or new product or service opportunities. 

IV. Establish better customer relationships. 

V. Test pricing options. 

VI. Focus on the most profitable customers. 

VII. Improve customer service. 

VIII. Upsell and cross-sell other products and services. 

CS requires a mall to gather specific information (data) about customers and analyze it to identify patterns that 

can be used to create segments. Some of that can be gathered from purchasing information such as job title, age, 

sex, geography, products purchased. Some of it might be gleaned from how the customer entered your system. 

For example, an online marketer working from an opt-in email list might segment marketing messages according 

to the opt-in offer that attracted the customer. Other information, however, including consumer demographics 

such as age and marital status, will need to be acquired in other ways. 

Typical information-gathering methods include: 

I. Face-to-face or telephone interviews 

II. Surveys 

III. General research using published information about market categories 

IV. Focus groups 

CS can be practiced by all businesses regardless of size or industry and whether they sell online or in person. It 

begins with gathering and analyzing data and ends with acting on the information gathered in a way that is 

appropriate and effective.  

2.2. The dataset 

In the present study, the dataset used for CS using ML models comprises information such as customer id, date 

of birth, gender, annual income in k$ and amount of money spent on product purchasing.  The customer id is a 

unique identification number given to each customer. The mall data acquisition system keeps a track of the date 

of birth of each customer in order to know their age and also sends gift cards or surprise offers to the customers 

on their birth month. By doing so the mall strengthens the relationship with the customers as well as increases 

their reputation among them. The dataset also comprises the annual income of the customer and the amount of 

money spent in the mall. This dataset is used to give an idea on the money spent and the behavior of the customer.  

3. Methodology 

This section of the paper briefly describes the preliminary concept required to analyze the data and subsequent 

development of the ML models. The ML models developed for the process of CS fall under the category of 

unsupervised learning (UL). Initially, recalling the definition and concept of UL.  

3.1. Unsupervised learning (UL) 

In the research domain of artificial intelligence (AI), UL refers to the learning algorithms that identify the patterns 

in datasets that are neither classified nor labeled [26]. In the field of data science, the training data comprises a set 

of input vectors without any corresponding target values. The goal of the UL algorithms is to segregate the similar 

data and group them into clusters based on the pattern identified by the algorithms. These UL algorithms are 

termed as clustering.  
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3.2. Clustering 

Clustering is a UL technique with the aim of finding a structure in a collection of unlabeled data. A loose definition 

of clustering is the process of organizing objects into groups whose members are similar in some way. A cluster 

is therefore a collection of objects which are “similar” between them and are “dissimilar” to the objects belonging 

to other clusters. Cluster in pictorial form is shown in figure (1). 

 

Figure (1): Visualization of cluster 

Clustering can be broadly divided into four categories, namely Centroid based clustering, density based clustering, 

distribution based clustering and hierarchical based clustering [27]. The Centroid-based clustering organizes the 

data into non-hierarchical clusters. Centroid-based algorithms are efficient but sensitive to initial conditions and 

outliers [28]. Density-based clustering connects areas of high example density into clusters. This allows for 

arbitrary-shaped distributions as long as dense areas can be connected. These algorithms have difficulty with data 

of varying densities and high dimensions. Further, by design, these algorithms do not assign outliers to clusters 

[29]. Distribution based clustering approach assumes data is composed of distributions. The algorithm is based 

on the assumption that as distance from the distribution's center increases, the probability that a point belongs to 

the distribution decreases [30]. Hierarchical clustering creates a tree of clusters. Hierarchical clustering is well 

suited to hierarchical data, such as taxonomies [31]. Out of all the clustering algorithms, the problem of CS is 

mostly analyzed using centroid and density-based clustering techniques. 

3.2.1 Centroid-based clustering technique 

k-means is the most widely-used centroid-based clustering algorithm. The k-means algorithm identifies the k 

number of centroids, and then allocates every data point to the nearest cluster, while keeping the centroids as small 

as possible. The ‘means’ in the k-means refers to averaging of the data that is used to find the centroid [32]. The 

steps of k-means algorithms are as follows [32]: 

a. Randomly choose the number of centroids (k). 

b. Assigned all the data points to the closest centroid. 

c. Recomputed the centroids of newly formed clusters. 

d. Repeated the steps (b) and (c) until one of the following three conditions are satisfied: 

i. No change in the centroids of newly formed clusters 

ii. Points remain in the same cluster 

iii. Maximum number of iterations are reached 

3.2.2 Density-based clustering technique 
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As already defined in section 3.2 about density-based clustering, the most widely used algorithm is density-based 

spatial clustering of applications with noise (DBSCAN) method. The DBSCAN algorithm is based on this intuitive 

notion of “clusters” and “noise”. The basic concept of the algorithm is that for each point of a cluster, the 

neighborhood of a given radius has to contain at least a minimum number of points [33]. The steps for DBSCAN 

are as follows: 

a. Classifying the points as core, boundary and noise points 

b. Elimination of the noise points.  

c. Assigning a core point to a cluster. 

d. Color all the density connected points of a core point. 

e. Color boundary points according to the nearest core point. 

4. Results and discussion 

In this section of the paper, the results obtained from analyzing the datasets and a brief discussion is presented. 

4.1. Exploratory data analysis (EDA) 

An exploratory analysis of the data collected for the study is conducted that shows the trend of the customers’ 

traits about spending behavior. Figure (2) shows the gender group breakdown as a pie-chart of the collected 

dataset. In figure (3.a) and figure (3.b), the age of the customers for the collected data is shown in the form of a 

bar-chart as well as kdeplot and violin plot respectively. In figure (4.a) and figure (4.b) the annual income 

distribution of the customers for the collected data is shown in the form of a bar-chart as well as kdeplot and violin 

plot respectively. In figure (5.a) and figure (5.b), the spending score distribution of the customers for the collected 

data is shown in the form of a bar-chart as well as kdeplot and violin plot respectively.  

 
(a) 

 
(b) 

Figure (2): (a) Bar-chart and (b) Pie-chart showing the gender group breakdown of the collected data 
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Figure (3.a): Bar-chart and kdeplot showing the age distribution of the collected data 

 

 

 
Figure (3.b): Violin plot showing the age distribution of the collected data 

 

 

 
Figure (4.a): Bar-chart and kdeplot showing the annual income distribution of the collected data 
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Figure (4.b): Violinplot showing the annual income distribution of the collected data 

 

 

 
Figure (5.a): Bar-chart and kdeplot showing the spending distribution of the collected data 

 

 

 
Figure (5.b): Violin plot showing the spending distribution of the collected data 
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Figure (6): Correlation between different factors 

Some of the important observations made from EDA are as follows: 

a. From figure 2(a) and 2(b), it can be concluded that more female customers visit the mall than the male 

customers. 

b. From figure (3.a), it is evident that more aged female customers visit the mall than the male customers. 

c. However, the age group of the customers visiting the mall ranges from 18 to 70 years, yet the majority 

of the customers are below 40 years. This can be observed from figure (3.b)  

d. From figure (4.a), it is observed that the female customers of the mall who earn the least and also the 

highest among all the customers.  

e. From figure (4.b), it can be concluded that it is visited by customers earning $20,000 to $140,000 per 

year. So there should be products and services that can attract customers in the income group. It can also 

be observed that the majority of the customers earn less than $80,000 per year. 

f. From figure (5.a), it is observed that the spending score of the customers varies from 0 to 100. The female 

customers spend the least as well as the most in comparison to the male customers. 

g. From figure (5.b), the majority of the customers' spending score lies in the range of 40 - 60. Above that 

the spending attitude is somewhat uniform for all the customers irrespective of their gender, age and 

annual income. 

h. Figure (6), shows the correlation between different factors. Some of the points observed from figure (6) 

are: 

i. The lower age group customers earn and spend more than the higher age group.  

ii. The female customers spend more than the male customers. 

iii. The customers who earn more also spend more.  

4.2. Results from clustering algorithms 

From the EDA conducted in section 4.1, it can be observed that there are several groupings. The aim of this section 

is to compute the number of ideal groups so that a common strategy could be made for each cluster.  

4.2.1. Clustering by k-means algorithm 

In k-means clustering, the ideal number of clusters can be computed using the Elbow method. The steps for the 

Elbow method are as follows: 

a. Performed k-means clustering for 1 to 20 clusters. 

b. Computed the sum of square distances from each point of each cluster to the centroid. 
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c. Computed the mean square (MS) value for each instance.  

d. Plotted the MS-value for each instance. 

e. The point after which there is no sudden change in the MS-value within clusters is chosen as the ideal 

number of clusters. 

Following the above steps, it is observed that the ideal number of the clusters for the collected dataset is 5. The 

plot for MS-value for each instance from 1 to 10 clusters is shown in figure (7). 

 
Figure (7): Plot showing the MS-value within clusters from 1 to 10 

By k-means clustering algorithm, the dataset is divided into 5 clusters namely customers with Moderate Income 

- Moderate Spending Score (represented by purple color), High Income - High Spending Score (represented by 

pink color), High Income - Low Spending Score (represented by black color), Low Income - High Spending Score 

(represented by orange color) and Low Income - Low Spending Score (represented by white color). Figure (8) 

shows the clustering by k-means algorithm. 

 
Figure (8): Clustering of the collected data by k-means 

4.3. Results from DBSCAN 

By DBSCAN clustering algorithm, the dataset is divided into 3 clusters namely customers with Low and Moderate 

annual income (represented by blue color), High Income - High Spending Score (represented by red color) and 

High Income - Low Spending Score (represented by green color). The algorithm has also identified certain noise 

data in the datasets which are represented by black color in the figure (9). The noise from the context of the 

problem of CS refers to those customers for who cannot be placed in any clusters. 
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Figure (9): Clustering of the collected data by DBSCAN 

 

5. Conclusion 

The comprehensive intention of the present work is to do CS in malls using ML algorithms. The study primarily 

focuses on the grouping of the customers on the basis of their annual income and spending score. To meet the 

needs of the customers visiting the mall, the managers must be able to understand the needs of the customers by 

studying their shopping habits and maintain regular interactions with customers that can make them feel 

comfortable. To achieve these objectives, the ML algorithm is implemented to do the CS.  

The problem of CS based on annual income and customers’ spending behavior is a case of UL. The data are 

clustered using k-means and DBSCAN clustering techniques. The optimal number of clusters identified for the 

collected data is obtained from the Elbow algorithm. The Elbow method computed 5 clusters which are named as 

Moderate Income - Moderate Spending Score, High Income - High Spending Score, High Income - Low Spending 

Score, Low Income - High Spending Score and Low Income - Low Spending Score. However, the DBSCAN 

algorithm grouped the data into three clusters along with some noise data. The noise from the context of the 

problem of CS refers to those customers for who cannot be placed in any clusters. Since the noise data are also 

engulfed by the k-means algorithm, hence the result obtained from the k-means is the optimal.  

This research proves that it is possible to implement ML in the CS problem. However, assuming ML algorithms 

to perform with absolute accuracy is still an exaggeration of the claim because the data collected are structured 

and obviously depend on human behavior. Although the claim that the result obtained from the UL algorithms is 

overhyped still it is safer from the management point of view in determining strategy and tactics to increase the 

sale and profit of the mall by targeting all the section of customers.. However, this does not close the answer that 

its application failed as the fact that the results obtained from the study can be arguably appropriate for use. The 

application of UL in this study may open up the potential for other applications in the same industry. 
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