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ABSTRACT

Understanding consumer behavior and classifying customers based on their demographics and
purchase patterns is essential in today's competitive industry. This is a crucial component of customer
segmentation since it helps marketers better target various audience segments with promotional,
marketing, and product development strategies. Customer segmentation is the process of grouping
customers according to shared traits, spending preferences, and shopping trends. The process of
figuring out how to engage with clients in different categories to optimize each client's value to the
business is known as customer segmentation. Marketers may connect with each consumer in the most
efficient manner by using customer segmentation. Utilizing a vast amount of client data, customer
segmentation studies accurately identify discrete customer groups according to behavioral,
demographic, and other factors. Unlike supervised machine learning techniques, K-means clustering
is an unsupervised approach. This approach is used when the dataset contains unlabeled data.
Information that hasn't been categorized or grouped into any of the accessible groups is known as
unlabeled data. In customer segmentation, various methods are used to find the ideal number of
clusters; however, each method has limitations of its own. For example, the Density-based Spatial
Clustering of Applications with Noise (DBSCAN) algorithm fails when the density of the clusters
changes. Research on Recency, Frequency, Monetary Value (RFM) is based on past data rather than
forecasts for the future. The usage of labeled data is necessary since the Hierarchical Clustering
approach cannot undo previous work. On the other hand, the K-means approach guarantees
convergence, initiates the centroid's positions, and promptly adjusts to novel and ideal cluster numbers.
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1. INTRODUCTION

Using clustering and data mining techniques for customer segmentation has multiple benefits for a
project:

Targeted Marketing: Companies can focus their marketing efforts on particular groups by segmenting
their client base according to shared demographics, tastes, or behaviors. Higher conversion rates and
better return on marketing investment are frequently the results of this focused strategy.

1.1 Product Customization: Businesses can tailor their goods and services to better fit the demands
and preferences of various client segments by having a thorough understanding of these segments.
Increased client happiness and loyalty may result from this.

1.2 Resource Allocation: Companies can more efficiently distribute their resources by recognizing
high-value consumer categories. They could concentrate their sales efforts, for instance, on market
niches having the biggest potential for generating income.

1.3 client Retention: Businesses can proactively apply retention measures for at-risk categories by
segmenting their client base depending on likelihood of churn. By doing this, you may lower customer
attrition and raise client lifetime value.
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1.4 Market analysis: Understanding market dynamics and trends can be gained through the use of
customer segmentation. Businesses can spot new market possibilities and dangers by examining the
traits of various market segments.

1.5 Personalization: Segmentation enables businesses to deliver personalized experiences to their
customers. Whether through targeted promotions, product recommendations, or customer service
interactions, personalization can enhance the overall customer experience and drive loyalty.

1.6 Risk Management: Segmenting customers based on risk factors such as creditworthiness or
likelihood of default can help financial institutions manage their risk exposure more effectively.

1.7 Overall, customer segmentation using clustering and data mining techniques is a powerful strategy
for businesses to better understand their customer base, optimize their marketing efforts, and improve
overall business performance.
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2. LITERATURE SURVEY AND RELATED WORK

2.1 Explore Patterns of Customer Segments

Customer behavior evolves and changes over time in real-world settings. In order to establish efficient
marketing strategies, this dynamism must be taken into account while conducting consumer
segmentation analyses and other business-related tasks. The study's major goal is to look at the patterns
of structural changes in consumer groups. There hasn't been any study done on this subject yet. This
is the first research to look at the influence of consumer dynamics on structural changes in segments.
The goal of this study is to create a way for describing and explaining this problem. Using clustering
and sequential rule mining approaches, a novel strategy is suggested. A newconcept and methodology
for identifying distinct sequential rules are also established. The proposed strategy is tested using data
from customers.[1]

2.2 Discovering New Business Opportunities

For sales and marketing departments inside major organizations, identifying and understanding new
markets, clients, and partners is a vital task. Intel's Sales and Marketing Group (SMG) is experiencing
similar challenges as it expands into new markets and industries and evolves its present business. To
aid SMGs in sorting through millions of organizations across several locations and languages to find
relevant routes, sophisticated automation that enables a fine-grained knowledge of enterprises is
essential in today's challenging technological and commercial context. We show a system developed
in our company that mines millions of public businesses

web pages to provide a faceted client representation. We focus on two key characteristics of the
customer that are important for discovering suitable opportunities: Industry sectors (which range from
huge verticals like banking and insurance to smaller niches like manufacturing).

2.3 RFM Customer Segmentation

The RFM model, which is utilized in the traditional retail business for consumer segmentation, is not
ideal for an industry with different social group qualities, hence the RFMC model is established by
adding the social relations parameter C. For this empirical investigation, educational e-commerce firm
M was chosen, and the k-means algorithm was utilized to cluster legitimate clients of enterprise M,
resulting in five unique customer groups and proving the model's usefulness.

2.4 High-Dimensional Customer Segmentation

The omnichannel become a hot topic as a result of the rapid rise of e-commerce and clients' growing
familiarity with multichannel shopping. To satisfy the present trend ofclient demand, several firm
organizations to work on the omnichannel business issue and are progressively devoting their efforts
to both online and offline business. As a result, there's no doubting that understanding online
customers' purchasing patterns is critical to omnichannel success. Using the RFM (recency, frequency,
monetary) modeland the k-means clustering technique, consumers' information is retrieved and
customers are segmented. To expand the RFM model, we divide total frequency and monetary data
into weekly level data, resulting in a reduction in the number ofvariables associated with one week.
2.5 Churn Prediction & Customer Segmentation
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In the telecom industry, the cost of keeping existing customers is much lower, therefore recruiting new
customers is no longer a viable option. Churn control is critical in the telecommunications industry.
The purpose of this paper is to give a unified customer analytics method for churn management because
there has been limited research merging churn prediction with customer segmentation. The
methodology has six components, including data pretreatment, exploratory data analysis (EDA),
churn prediction, factor analysis, customer segmentation, and customer behaviorists approach combine
churn prediction with customer segmentation to provide telecom operators with a detailed churn
analysis that will help them better manage customer churn. Three datasets were used to test six machine
learning classifiers. The turnover rate of your customers is the most important factor to consider.
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3. Implementation Study

1) Qutliers that are isolated in low-density regions are identified as outliers by DBSCAN, which
merges points that are close together. Two important factors create the model's 'density': the minimum
number of points required to generate dense regions min samples and the distance required to establish
a neighborhood ep. Larger min samples or lower eps demand a higher density to construct a cluster.
2) RFM Analysis is a marketing method that combines the three aspects of recency,and monetary value
to analyze and understand customer behavior. The RFM frequency Analysis will help businesses
divide their customer base into a variety of homogenous groups, allowing them to connect with each
group using a variety of targeted marketing strategies.

3) A way of grouping comparable components is hierarchical clustering, often known as hierarchical
cluster analysis. The endpoint is made up of several clusters, each of which is unique yet shares a lot
of similarities

3.1 Proposed Methodology

The number of segmentation choices is practically limitless, and they are mostly determined by the
quantity of consumer data we have available. It starts with the basics, such as gender, hobby, or age,
and progresses to elements such as the amountof time since the user last visited the business or the
amount of time spent on website.

i)Geographic: The concept of geographic consumer segmentation is straightforward;it all boils down
to the user's geographic location. This may be done in several different ways. You may sort your results
by city, zip code, nation, or state.

if)Demographics: Demographic segmentation takes into account the structure, size, and movement
patterns of consumers over time and space. Many businesses create and market products that are based
on gender differences. Another important factor is the status of the parents. This type of information
may be obtained through customer

surveys.

iii) Behavioral: Customer segmentation based on past behavior can be used to forecast future behavior.
Customers' favorite brands, for example, or the times of the year when they make the most purchases.
The behavioral component of consumer segmentation seeks to understand not just why people buy
things, but also how those reasons change over time.

Psychological: The psychological segmentation of customers includes personal traits, attitudes, and
beliefs. Consumer surveys are used collect this information,which may then be used to assess
customer sentiment
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Fig 1:- Proposed SYSTEM ARCHITECTURE

4. METHODOLOGY & ALOGRITHAM
i.There must be an aim for everything. You don't want to become involved with this. Blindly.
Otherwise, the result will be unorganized and untidy. You'll need a business case instead. It's
identifying the most lucrative consumer groupingswithin the total pool of customers in this scenario.
ii. Prepare the data: The data must then be prepared in the second stage. What is the size of your
data set? In this instance, a hundred, thousand or ten thousand client data is preferable. This is due to
the fact that you will be able to see more patternsand trends. You'll also need a set of features based
on the most relevant business indicators inside the data collection. The data is then preprocessed to
reduce discrepancies, which helps in better data analysis.
iii. Data analysis and exploration: Data analysis and investigation is the third stage. This is an
important stage since it will allow you to discover some intriguing relationships and trends in your
data. You will be able to better comprehend the client's interests and purchase patterns as a result of
this, and you will be able to determine which traits are most directly associated with the consumer and,
obviously, the business.
iv. Clustering analysis: Clustering analysis in the context of a client is the fourth phase in the
process. The use of a mathematical model to uncover groupings of similar consumers based on the
tiniest differences between customers is known assegmentation clustering analysis. The purpose of
cluster analysis within each group is to precisely categorize consumers so that personalization may be
used to create more successful customer marketing. A mathematical approach called k- means
clustering analysis is a popular cluster analysis tool. The resulting clusters aid in improved consumer
modeling and analysis. There are no pre-set thresholds or standards in place for this procedure. The
data, on the other hand, exposes the
customer prototypes that exist intrinsically inside the consumer base.
v. Choosing optimal hyperparameters: The fifth step is to select the besthyperparameters.
"Tuning" or "hyperparameter optimization" is the process of selecting the optimal set of
hyperparameters for an algorithm. Based on our past work, this is the next stage since it assists us in
identifying the most accurate and rewarding client groups.
vi. Visualization and interpretation: Visualization and interpretation are the final steps in the
process. Now it's time to visualize and interpret your findings. Businesses can improve marketing
campaigns by targeting features, launches, andproduct roadmaps when they have profitable customer
profiles at their fingertips. This gives the company a much clearer picture of which customers are most

UGC CARE Group-1, 1157



Industrial Engineering Journal
ISSN: 0970-2555

Volume : 53, Issue 4, April : 2024
likely to stick around.

\
%, S
vt

4.1 Mathematical model

Clustering using K-means algorithm is a method of unsupervised learning used for data analysis. This
algorithm identifies ‘K’ centroids from the dataset ‘D’ and assigns the non- overlapping data points to
each of the nearest clusters. The intra-cluster distance is maximum compared to inter-cluster distance
in K-means algorithm. Since it is an iterative approach, data points are moved to different clusters,
based on the centroid’s calculation.

As per the pseudo algorithm shown in fig , the mathematical model for the manual calculation of
silhouette for an object is given below. Consider K clusters of which each cluster contains variable
objects. Since K-Means is applied twice in the present experiment, objects are clustered based on a
customer transaction data for recency vs monetary and frequency vs monetary values.
K=pl,ql,p2,92...px,qx,p1,q1,p2,92...py,qy,...p1,q1,p2,92...pz,qz where,

e K =number of clusters, (p, q) = object in a cluster.

Input:
M: Dataset with ‘n’ instances
K: clusters in number

Output:
Dataset partitioned into ‘K’ clusters
Algorithm:
1. Choose arbitrarily k’ random points from M as the cluster centers
. repeat
. Reassign each object to the clusters based on calculation of mean value.
. Revise the cluster means that is recalculate the mean value of each cluster
Until
. there is no change in the clusters obtained
. Evaluation using silhouette coefficient: calculate average distance from objects in the
same cluster and calculate average distance from objects to all other clusters
. Calculate silhouette coefficient as below:
Si=(bi—a;)/max (a; b)) for a;sb;
Where,
S represents silhouette coefficient
a; is average distance from i object to all other objects in a cluster.
by is average distance from i object to any cluster not containing the object. Calculate
the minimum such value with respect to all the clusters.

Fig-2. Algorithm -K means.
Identify any point, for example {p1, qi} in cluster 1. Objects in a cluster represents RFM values.
Calculate the average distance from {p1,q:}to all objects of the same cluster (intra distance value a;).
Calculate average distance from {pi,q:}to the objects of other clusters as given in the
Eq. (1).()\Xi=In(p1-pi)+(q1-qi)2
the minimum average distance from object {p1, q:}to all other objects in the same cluster.
« biis the minimum average distance from {p1, g1 }to all other clusters, which does not contain {pz,
qi}.
comparably calculate silhouette values for cluster 2,3...n by repeating the above steps. The cluster
with highest silhouette value is the best as per the evaluation method. Compute the mean silhouette
value of all objects to evaluate for whole cluster.
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5. RESULTS AND DISCUSSION SCREEN SHOTS
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Fig 2:- forming the data clusters of customer
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Cluster's Profile Based on Income and Spending
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Fig 3:- Clusters Profile Based on Income and Spending
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6. CONCLUSION & Future work

6.1  Conclusion

Our contribution to this research paper is to highlight and solve the challenges of product
recommendation based on the customer segmentation engine. Data science can use Customer
segmentation to build a stronger relationship with their customers. It enables them to make educated
retention choices, develop new features, and position their product strategically in the market.

6.2 Future Work

As part of their customer segmentation strategy, retailers with extensive, multi-category offers must
show their things in such a way that target customers may search and pick from those offerings. In the
first piece of this dissertation, a product segmentation approach is described. The proposed approach
offers merchants a methodology for identifying customer-centric, cross-category product segments
from large numbers of goods across multiple categories,where products within a segment are bought
by the same type of customers. The research also looks at the relationship between the recommended
product segmentation approach and a customer segmentation method. Because the approaches are so
closely linked, the product and customer groups inferred by each are likely to be identical.
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