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ABSTRACT

Dynamic customer segmentation plays a critical role in modern business analytics by enabling firms to
adapt to rapidly changing consumer behaviour. Unlike static models, it leverages real-time and behav-
ioral data to update customer groupings, supporting personalization, predictive analytics, and efficient
resource allocation. Advancements in big data, machine learning, and customer data platforms have
made dynamic segmentation increasingly accessible and effective. This thesis examines its strategic
value in enhancing customer engagement and decision-making agility. The findings demonstrate that
businesses utilizing dynamic customer segmentation are better positioned to anticipate customer needs,
optimize marketing strategies, and sustain competitive advantage in rapidly evolving, data-intensive
economic environments characterized by continuous change such as short-term financial shocks to long-
term economic cycles. This dynamic environment also includes seasonal fluctuations, technological
advancements, and wider socioeconomic developments. Consequently, a critical challenge for organi-
zations across sectors, including government agencies, small businesses, and large corporations, is the
ability to rapidly detect and respond to these economic and technological changes. Effective adaptation
to emerging trends and seasonal variations is essential for maintaining competitiveness and operational
efficiency. In response to these demands, dynamic data mining techniques have gained prominence as
vital tools for analyzing and navigating complex, evolving environments. These methodologies have
found widespread applications across diverse fields such as science, marketing, engineering, and man-
agement. Within the retail industry, data mining approaches are increasingly employed to uncover
customer purchasing behaviors, thereby enhancing service quality, customer loyalty, and retention. One
widely used method for customer segmentation is the Recency, Frequency, and Monetary (RFM) model.
When integrated with machine learning algorithms, the RFM model provides effective segmentation
and valuable insights into purchasing behavior. However, the traditional RFM model is limited by its

reliance on only three variables and does not incorporate demographic information or detailed purchase



histories. Given the significant impact of customer purchase attributes on marketing strategies, this
study proposes a cascaded RFM (CRFM) solution that builds on the traditional RFM model. The study
conducts a comparative analysis of three advanced clustering algorithms: Modified Dynamic Fuzzy C-
Means (MDFCM), Crespo’'s Dynamic Fuzzy C-Means (CDFCM), and the Modified Gath-Geva Fuzzy
Clustering Model (MGGFCM), each capable of detecting clusters with varying shapes and dynamics.
An empirical evaluation was performed using a retail dataset, revealing the presence of two to four
distinct customer clusters with consistent characteristics over the observed period. Model performance
was assessed using standard validation metrics, such as the Silhouette score, the Xie-Beni index (XB),
and Root Mean Square Error (RMSE). Results indicate that the traditional RFM model produces stable
clustering outcomes across two to six clusters, with the elbow method suggesting optimal performance
at two clusters. However, this model's dependency on manual procedures highlights its limitations.
In contrast, the MDFCM algorithm demonstrated improved performance as the number of clusters
increased. The CDFCM model performed optimally with two or three clusters, but its effectiveness
declined beyond this range. Similarly, the MGGFCM model was stable with two clusters but exhibited
reduced performance with additional clusters. Overall, the semi-automated and automated clustering
models outperformed the traditional RFM approach, particularly as the number of clusters increased,
with the best results typically observed around four clusters. This study addresses key limitations of
the traditional RFM model, including score overestimation and static customer-cluster assignments, by
introducing dynamic weighting of RFM attributes coupled with advanced clustering techniques. The
proposed methodology enables more accurate analysis of customer behavior based on purchase history,

facilitating informed and strategic business decision-making.
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Chapter 1

BACKGROUND INTRODUCTION

This chapter presents a general introduction to this study and the motivation for this work. The
objectives and goals of this research are also stated. The motivation for this research is the need for
organizations to embrace data analytics and machine learning in strategic decision making to improve
customer service and retention in the retail sector, which has not been explored in depth by the research
community at the time of this study, particularly in South Africa. In order to familiarize the intended

audience with the current research, a summary of the research organization (structure) is also provided.

1.1 Research Background

Innovation has been made possible via analytics and Data-Driven Decision-Making (DDDM) has become
a game-changer in marketing, allowing businesses to use big data, artificial intelligence (Al), and data
analytics to improve customer engagement and obtain a competitive advantage [1] [2]. In this research,
we use business, company, firm and organization interchangeably, same with customer, client and con-
sumer. Duan et al. [3] states that technological innovation has fundamentally altered how businesses
think, decide, and solve problems. Big data analytics (BDA), data mining and market segmentation [I]
[4] are becoming prevalent in the retail sector, due to the fact that businesses have a lot of data at their
disposal and are looking for fresh and creative methods to uncover trends and extract insights that can
be used by managers and executives to make business decisions. Due to their close relationship, the
terms target marketing and customer segmentation are frequently used interchangeably [5]. While they

are distinct concepts, they are closely related: customer segmentation involves dividing a large consumer
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base into smaller, more manageable groups based on shared characteristics or behaviors, whereas target
marketing uses these segments to tailor marketing strategies to the most relevant or profitable groups
[6]. In the context of a particular client, it has been called a personal branding strategy [7]. Thus,
based on their attributes, customers in the chosen market are divided into various groups (segments) for
marketing purposes. These insights can lead to more informed strategies, optimize business operations,
and ultimately drive profitability. As a result, companies are increasingly investing in advanced analytics
tools and technologies to harness the full potential of their data [8] [9]. Marketing analytics have made it
feasible to engage customers on a level that was previously unattainable; through leveraging data-driven
insights, companies can tailor their strategies to meet customer preferences more effectively, fostering
deeper connections and enhancing customer loyalty. As a result, businesses can both optimize their
marketing efforts and drive significant growth in an increasingly competitive landscape. Data-driven
analytics have made it possible for businesses to create fresh strategies for engaging people, procedures
and data, and have aided businesses in reaching the greatest business choices. An employee of Target-
base named Trae Clevenger once discussed in an interview how marketing analytics spurs innovation
and how it has transcended the conventional approaches to customer relationship management (CRM)
[10]. In a modern-day environment, the general interactions with clients take place in a dynamic and

social setting where the customers control the connection [11].

Businesses may stay ahead of the curve and be creative in their approach and activities by utilizing
analytics and leveraging customer data to create insightful knowledge about the behavior and attitudes
of their customers. Machado et al. [12] state that company executives must take an active role in the
analytics process and act upon the insights that analytics bring. By doing so, they can make informed
decisions that drive innovation and improve customer satisfaction. Embracing a data-driven culture will

enable businesses to adapt quickly to market changes and enhance their competitive edge.

Recency, Frequency, and Monetary (RFM) analysis [13] [14] [I5] remains one of the most widely used
methods by business managers to assess customer value. Despite the development of more advanced data
mining techniques, RFM is still favored for its simplicity, practical application, and ease of understanding.
RFM is based on the principle that customers who have made a recent purchase are more likely to
respond to future marketing promotions than those whose last purchase was made a longer time ago.
This means that regular customers are more likely to react than infrequent ones. Moreover, high-
spenders frequently react better than low-spenders [16] [17]. However, RFM ignores individual-level

variations like demographics, motivations, preferences etc. [12]. Researchers frequently view the RFM
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approach’s reliance on the three primary attributes as a drawback [18]. The subjective and arbitrary
manner in which weights are allocated to each RFM is thought to be another drawback of the RFM
model technique. Authors in [19] [20] discovered that using RFM as a scoring model may result in an
overestimation of client value. As a result, a large number of clients who had made significant initial
purchases from the business before ceasing to do business with it were regarded as high-value clients.
This supports the claim that failing to take consumer riskiness into account can result in a glaring
overestimation of a customer’s actual value; thus, costing businesses a significant amount of money
[21] [22]. Despite the shortcomings associated with RFM, it is still a popular analysis technique for
marketers and businesses. Furthermore, the RFM model offers marketers a way to identify customer
segments that can be targeted with highly personalized and impactful messages. This activity involves
identifying potential customers for specific products and advertising effectively [23]. Promotion and
advertising can generally be categorized into two main forms: direct marketing and mass marketing.
Mass marketing aims to reach a broad audience by using mainstream media outlets such as newspapers,
radio, and television to engage the general population [24]. This can lead to significant waste and a
lower response rate from potential purchasers of the goods and customer service quality [25]. However,
direct marketing is more targeted at specific customers based on certain trend or insights from their

purchase history.

Hence, modern marketing has played a significant role in helping businesses realize how important it is
to change from being product-centered to customer-centered [26]. Modern marketing has been essential
in helping many organizations adopt a new way of thinking [27]. However, it took several years before
many businesses truly began to switch from inside-out to outside-in thinking. There are still far too

many businesses today that prioritize product sales over a customer-centric approach and demands [28].

As a result, mass marketing has become increasingly ineffective and unreliable in today's highly compet-
itive business environment [29]. Consequently, marketers are shifting their focus from broad, undiffer-
entiated strategies to more direct and personalized marketing approaches. The fundamental objective
of marketing is to attract customers and promote the sale of goods and services. Since organizational
revenue is largely driven by sales, firms invest substantial resources in advertising to boost their sales
performance [30]. To achieve this, businesses develop targeted and effective marketing strategies that
not only increase revenue but also support overall organizational growth. An effective marketing strategy

plays a critical role in driving business expansion and long-term success [31] [32].

The needs of the customers in the stores vary and can change over time. Customers belong to several
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socioeconomic classes and differ in a wide range of ways, including age, gender, domicile, income,
education, and so forth. Recognizing various clientele categories (new, loyal, valued, etc.) and choosing
the best in every store, the marketing strategy for each group is a crucial concern [33]. Existing research
claims that 15% of clients account for 45% of sales and 70% of business earnings [34] [35] [36]. Hence,
there is a clear correlation between profitability and client loyalty, consequently, finding and keeping

profitable clients is a top priority for any business [37].

Furthermore, effective marketing strategies developed by businesses help to boost sales and promote
overall company expansion [23]. To help achieve this goal; data and predictive analysis are technolo-
gies that are used by marketers to increase the effectiveness of product sales and usage [38] [39] by
processing the data they have acquired as a means to make better business decisions. Thus, helping
marketers achieve efficient and effective marketing techniques using the gathered information in order
to dynamically segment customers. Hence, dynamic customer segmentation (DCS) is used to locate
potential customers and formulate successful marketing strategies [40]. While several studies [12] [41]
[42] have explored the use of clustering techniques, such as the RFM model for customer segmentation,
there remains a need to advance beyond manual and semi-automated approaches. Specifically, there is
a growing demand for more dynamic and fully automated methods that eliminate manual intervention
in constructing the RFM model. This shift is essential to address the well-known limitations of the
traditional RFM model, including its reliance on only three attributes, which can oversimplify customer

behavior and potentially lead to overestimation of customer value.

This research, therefore, considered exploring three prominent and relevant customer clustering ap-
proaches [43] [44], namely, the Modified Dynamic Fuzzy C-means (MDFCM) clustering, Modified Gath-
Geva Fuzzy Clustering Model (MGGFCM) and lastly the Crespo’'s Dynamic Fuzzy C-Means (CDFCM)
clustering algorithms, and utilized a cascaded RFM (Recency, Frequency and Monetary) model as a base
data method for these clustering techniques. For the purpose of this study, we refer to the cascaded RFM
model as CRFM. The traditional RFM model was cascaded into three different permutations, namely
Recency vs. Frequency, Recency vs. Monetary and Frequency vs. Monetary to form the resultant CRFM

model. This creates a more dynamic insight into the DCS task.

The CRFM process is achieved by evaluating customer purchases in a cascaded manner and creating
marketing allocation plans for clients; this approach completes the CRFM cycle. The hybrid model im-
plemented in this study firstly cascades customers and secondly determines which consumers are most

likely to make future purchases of the selling products. Ultimately, this process may lead to a compre-
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hensive evaluation of the offered product(s), thereby promoting more effective inventory management
strategies aimed at optimizing marketing concepts and extracting higher-quality association rules char-
acterized by increased confidence and support values [45] [46] [47]. Consequently, an optimization over
the traditional RFM model is achieved in two key ways: first, by developing a cascaded model, and
second, by eliminating the need for manual input of user-defined variables such as the number of cycles,
threshold values, or the detection of changes within clusters in the applied clustering algorithms, which

is usually the case in the traditional approach.

The cascaded RFM was then used as a standard data model to create customer clusters using MDCFM,
MGGCM and CDFCM clustering algorithms. Several authors [48] [49] [50] have employed these algo-
rithms to achieve DCS, and have found them to be both effective and efficient for this purpose. The
three algorithms were evaluated using standard metrics such as the Silhouette scores, XB-Index, and

Root Mean Square Error (RMSE), respectively [43] [51].

1.1.1 Research Problem Statement

Businesses across Sub-Saharan Africa (SSA) are increasingly generating vast amounts of customer
data through digital transactions, mobile platforms, and online services. Despite this data abundance
and the global advancement in technologies such as artificial intelligence (Al), data analytics, and
machine learning (ML), the effective adoption of these tools in the region remains limited [52, 53]. This
technological gap significantly undermines the ability of businesses, particularly within the retail sector
to enhance their marketing strategies, improve customer engagement, and drive competitive advantage

[54] [55).

In South Africa, for instance, the retail industry maintains massive repositories of customer transactional
data, amounting to terabytes and even petabytes [56] [57]. However, this data is often underutilized due
to the limited implementation of Al and analytics-driven decision support systems. This gap prevents
retailers from leveraging insights that could improve service quality, foster customer loyalty, and increase

retention through more personalized and data-informed marketing campaigns [58].

The limited adoption of Al in Africa, and particularly in South Africa’s business ecosystem, can be at-
tributed to several systemic challenges. First, digital infrastructure across much of the continent remains
underdeveloped, with unreliable internet connectivity, insufficient data storage capacity, and limited ac-

cess to high-performance computing resources [59] [60]. While the Global North enjoys the benefits of
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well-developed infrastructure, talent, policies, and a supportive culture around Al, SSA struggles with

foundational challenges that slow effective utilization of Al despite growing data availability [61].

Addressing these disparities requires targeted investments in digital infrastructure, education, regulatory
frameworks, and awareness-building in SSA to unlock Al's full potential, as has largely been achieved
already in the Global North [62]. These infrastructure gaps, talent and other related factors make it

difficult to deploy and scale Al technologies effectively.

Second, there is a critical shortage of skilled professionals trained in Al, data science, and machine
learning [63] [64] [65]. The lack of human capital restricts organizations from building internal capacity
or maintaining sophisticated analytics systems [66]. Moreover, the high cost of Al implementation,
including software, hardware, and talent, places such technologies out of reach for many small and

medium-sized enterprises (SMEs), which form a significant portion of Africa’s private sector [55] [67].

In addition, access to clean, well-structured, and representative data remains a key challenge [68].
Although data is being collected, it is often fragmented, inconsistently formatted, or trapped in legacy
systems, which hinders effective analysis and model training. Regulatory and policy environments in
many African countries also lag behind technological advancement, with unclear legal frameworks around
data governance, Al ethics, and digital privacy [69] [70]. This legal uncertainty further discourages

adoption.

Furthermore, a lack of digital literacy and awareness among business leaders contributes to a limited
understanding of Al's strategic value [71] [72]. Many decision-makers remain cautious, viewing Al as
complex, expensive, or irrelevant to their immediate business needs. Cultural concerns and skepticism
about automation, particularly fears surrounding job displacement or misuse of data, also influence

adoption patterns.

In light of these challenges, the central problem is not merely the availability of data or the existence
of advanced technologies, but rather the inability of many businesses in Africa, including those in the
South African retail sector, to bridge the gap between data generation and data-driven decision-making.
Without targeted efforts to overcome infrastructural, educational, and strategic barriers, the region
risks falling further behind in leveraging Al for economic growth, competitiveness, and customer-centric

innovation.
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1.1.2 Research Rationale

In today’s competitive business landscape, relationship marketing is a critical skill for cultivating con-
nections with clients and is seen as essential for retaining key clientele. Conventional marketing theories
are predominantly trade-focused and fail to emphasize client retention as an essential element of com-
mercial marketing strategies [46]. However, as the markets became more cutthroat and saturated and
as the population makeup of various locations changed over time, businesses realized they were no
longer dealing with a developing market-driven economic system [73]. Thus, businesses aimed to de-
velop competitive advantages to thrive in these cutthroat markets. Demand condition is one of the key
factors in determining competitive advantage [74]. De Bock et al. [75] suggest that businesses should
prioritize client retention to maintain their financial viability. As companies vie for an increased share of
their stagnant or diminishing markets, each consumer holds significant value today. Consequently, the
cost of gaining new clients has also increased. Businesses now recognize that losing a customer entails
more than the immediate loss of a single sale; it signifies the forfeiture of all future transactions from
that customer throughout their lifetime. As a result, researchers have examined the correlation between
the implementation of Customer Relationship Management (CRM) systems, cost and profit efficiency,

finding that profit efficiency improved while cost efficiency declined [76] [77].

The impact of CRM on a company'’s long-term profitability is vital, as most enterprises aim to optimize
the value they deliver to their consumers [78] [79] [80]. It is essential to assess the value generated to
enhance shareholder value over a specific time frame, from diverse consumers, and to ascertain which
customers or customer segments contribute most significantly to the company’s worth, afterwards,
businesses ought to motivate this clientele subsequent to their identification, to cultivate an enduring
bond using relevant marketing strategies. Organizations accumulate extensive data on their clients,
suppliers, and business partners, but, if they cannot extract the latent knowledge embedded within
this valuable information, the entire data collection process may prove to be ineffective. To enhance
profitability, numerous business owners are keen to extract this hidden knowledge from their customer

data sets [81] [82].

This study sought to utilize and discover knowledge from customer transactional data that could assist
businesses, by implementing clustering algorithms that have the potential to help businesses in developing
marketing models for effective management of their customers, enhanced marketing tactics and efficient

customer service delivery. The impact of customer purchasing characteristics on marketing strategies is
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extremely important, despite being limited to only three variables: Recency, Frequency, and Monetary.
The RFM model does not capture segments based on demographics, past purchases, or other relevant
factors. Nonetheless, it remains widely used as a foundational model for many clustering algorithms due

to its effectiveness in summarizing key purchasing behaviors. [83].

1.1.3 Research Question

The following are the relevant research questions addressed in this research:

1. Which combination of the segmentation techniques and clustering models performs best for the

dynamic customer segmentation task?

2. How can the derived customer segments be profiled to assist with decision support to enhance

customer experience in the retail sector?

1.1.4 Research Aim and Objectives

This research aimed to address the limitations of the traditional RFM model in solving the Dynamic
Customer Segmentation (DCS) problem by implementing an automatic and dynamic approach, using a
South African customer retail dataset. It employs clustering algorithms capable of effectively handling
continuous updates of customer purchasing history within the RFM framework over an unlimited number
of time cycles (T, measured in days or months). Additionally, the study introduced a Cascaded RFM
(CRFM) model, which transformed transaction data into a scaled format ranging between 0 and 1. This
transformation or scaled data [84] improves data fitting and enables more effective use of clustering
algorithms to model dynamic customer segments. Research suggests that [85] [86] [87] [88]. There has
been little study done to observe and look into the correlation of the behavioral attributes that constitute
the RFM individually and how they relate to each other. Hence, the CRFM model is proposed in this
study to determine how each RFM attribute can impact the other in a cascaded model. Furthermore,
to overcome the issues associated with manual intervention by users in DCS, such as shortcomings of
user-defined input variables, for example, '8 (The threshold used to identify changes in the cluster
structure) and ‘T’ threshold parameters (where T is the total number of cycles measured in days or
months etc). In order to achieve the research aim using customer data from a South African retail store,

the objective of this study is as follows:
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1. To implement a strategic cascaded attribute selection from a traditional RFM customer retail
data purchases to build a cascaded RFM model from those attributes. These attributes are then
subsequently used to dynamically update the cascaded RFM customer data model with new data

updates from customer purchasing records.

2. To explore existing clustering methods such as RFM, K-means, FCM, MDFCM, CDFCM and
MGGFCM for customer segmentation and employ these same methods for dynamic customer

segmentation in order to identify the strengths and potential gaps in these methods.

The latter objective enables new data updates on the customer dataset to be processed by the clustering
algorithms, such that new clusters are created, or existing clusters are moved, and omitted as they may
no longer be beneficial for marketing purposes. The updating of clusters with new transactional data
occurs across different timescales as might be decided by the business; new data updates can be done
daily, weekly, monthly, etc. The new customer data points are automatically assigned to different
clusters based on customer buying patterns, else new clusters are created or eliminated based on the
customer data points characteristics, leading to the generating and triggering of quicker business goals
(and marketing strategies), new marketing possibilities and assists companies in making better decisions

for both short- and long-term objectives.

The motivation for the Cascaded RFM approach was derived from the fact that businesses have different
goals, visions and interests. Hence, business goals and interests drive marketing models in the business
sector for various businesses, both big and small [89] [90]. For instance, in scenarios where purchase
frequency is not relevant to marketing objectives, only the Recency and Monetary attributes of the
traditional RFM model may be utilized to inform marketing strategies. In such cases, particularly
in daily or weekly campaigns, where the Frequency attribute may hold limited value, businesses can
prioritize customers based on recent purchase behavior (Recency) and financial contribution (Monetary).
Therefore, when periodicity is not a determining factor in campaign design, firms may focus on customers
who purchase consistently and generate high revenue, while disregarding frequency as a metric of interest
[0I]. This approach not only enables the construction of a cascaded RFM model in a selective manner,
but it is also inherently dynamic, allowing for the adaptation to diverse customer purchasing behaviors.
As a result, it supports the development of marketing strategies that address customer characteristics
either individually or in combination, depending on the specific interests of marketers and business

decision-makers.
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1.1.5 Significance and Economic Benefits

The retail industry is one of the largest industries in the world [92]. This sector is anticipated to
expand as the middle class rises significantly in size as well as purchasing power [93]. The anticipated
exponential growth is due to the introduction of high-speed internet connections, improvements in
smartphone and online technology, expansions in e-commerce companies’ product lines, a wider range
of delivery options, and improved payment methods. Thus, retail purchases through e-commerce and

m-commerce are expanding rapidly [94] [95].

Firstly, this research add to existing studies on analyzing customer purchase behavior over time. The
research found a scarcity of recent and relevant literature on the topic, which motivated this research
endeavour. In the literature review section covered in this research most of the work for clustering
models is done outside of the African context and continent, we could barely find any work that is
related and localized to the African continent, and in South Africa in particular, the reviews on previous
studies substantiate the point on why this research aim is crucial to explore within the Southern African

region, especially in South Africa due to the increase of technology and economic changes.

Secondly, this research contributes to the first set of studies to utilize a cascaded RFM approach as a
base model for DCS. The solution explored in this research could help with some of the challenges faced
by the traditional RFM to effectively manage customer relationships and to provide quality customer
service delivery. Furthermore, preliminary research conducted indicated that there is limited research in
South Africa that uses a clustering method approach for DCS in the retail sector; hence, this solution
will aim to potentially support or bridge the knowledge gap that exists in the retail sector to utilize

clustering algorithms for DCS.

A business report named Bloomberg Business week poll delved on the state of business analytics and
found that 97% of organizations with annual sales of over 100 million USD employ business analytics
in some degree and capacity [96] [97]. Thus, compared to their competitors who are not analytically
oriented, companies that use average analytic capabilities are 20% more likely to provide higher returns
for their stakeholders. Companies that use advanced analytic capabilities, like big data, are 50% more
likely to yield higher returns [98]. Information Resources, Incorporated (IRI) estimated that the enhanced
use of innovative technologies might result in the creation of more than 10 billion USD in value annually
for the retail sector [09]. Consequently, the motivation for organizations to use data analytics and

clustering technologies has financial and economic benefits, such as revenue growth [100] [101].
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In summary, the following are the potential benefits of this study:

1. Effective management of customers and development of personalized marketing activities.

2. Increased communication between organizations and their customers, thereby promoting customer

satisfaction.

3. Promotes the drive of profits and sales in a coordinated manner, through identifying of trends and

patterns in business data.

1.2 Dissertation Qutline

This dissertation is organized as follows:

e Chapter one presents a brief background explanation on the importance of Dynamic Customer
Segmentation in Retail sector for customer relationship management and tailored products mar-
keting solutions in this domain of interest. This section also states the research questions and

objectives. The publication that has emerged from this research is also stated.

e Chapter two details the related work in this domain of interest, by reviewing research efforts
and focusing on traditional methods of dynamic customer segmentation drawbacks of these tech-
niques. This chapter discussed newer research efforts that have emerged, primarily focusing on
clustering technology approaches that currently exist, the types of clustering methods used and

their dominance.

e Chapter three presents the research design and methodology. Firstly, it presents the overall research
framework and further elucidates the focus of this research. The design approach, Software,
Hardware and factors considered in the experimental evaluations of the clustering models used are
documented. It further detailed the approach to the subsequently proposed clustering methods for
dynamic customer segmentation. This chapter contains the steps required for a proper dynamic
customer segmentation approach, or steps that encompass the:

i. Data acquisition Phase.
ii. Data processing Phase.

iii. Decision support Phase.
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e Chapter four presents the results and discussion section, where empirical observations were eval-
uated. Results obtained from the research were tabulated and presented in graphical formats for
clearer understanding. Tabulated and graphical image data are then discussed and a summary is

drawn as to how the proposed clustering methods performed as well as their shortcomings.

e Chapter five highlights the key-points of the entire dissertation, summarizes how the research
questions have been addressed and provides a future outlook on areas in which this research can

expand on and finally concludes the entire research.

These topics create a comprehensive basis for the following basic research methodology as shown

in Figure

Background ) - Design Results Conclusion
> Introduction > Literature Review > and Methodology > and Discussion > and Limitations >

Figure 1.1: Structure of the thesis

The second phase introduces research and validation methodologies, followed by data description, pro-
cessing, and model creation. The research will then focus on the research findings. The study presents
the results and discusses the elements that impact their validity and reliability. The research concludes

with a discussion of its findings.

1.3 Declaration of Recent Publications

The following publication has emerged from this research:

1.3.1 Refereed Conference Publication

e Sobantu, S. and Isafiade, O.E.: Cascaded RFM-Based Fuzzy Clustering Model for Dynamic Cus-
tomer Segmentation in the Retail Sector. In Proceedings of Southern African Conference for

Artificial Intelligence Research (SACAIR), Pp. 53-73. Cham: Springer Nature Switzerland, 2024.
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1.4 Chapter Summary

The discussion in this chapter presents a general overview of the study and motivation for this research,
that is, the need for retail markets to use dynamic customer segmentation methods to promote service
quality and make better decisions that promote sales through proper marketing techniques, by exploring
and employing dynamic customer segmentation methods. While several technologies have evolved
over the years, as well as methods incorporating technology in this domain of interest, there are still
businesses who have not utilized the full benefits of DCS in South Africa due to the high-cost and number
of organization’s only focusing on unwillingness to explore benefits of relationship marketing, there are
still many barriers to overcome, including a lack of digital infrastructure, a lack of skilled workers, and
distrust from consumers [I02]. Furthermore, there is limited research in Africa regarding DCS in the
retail sector and practical applications where this can be employed when compared to other parts of the
world [I03]. Hence, this research focuses on exploring the potential use of clustering models for DCS in
the African and South African context. The general outline of the dissertation is also explicitly stated.

The comprehensive discussion of the research outline is presented in the subsequent chapters.



Chapter 2

LITERATURE REVIEW

Data analytics and machine learning are important areas of study for most retail organizations as
they allow for a much more in-depth engagement with their customers. Each customer holds value
and needs to be understood in order to meet their needs by taking into consideration the customer’s
priorities and purchase trends. Whilst several Customer relationship management methods have been
used for customer clustering and marketing; these methods have their strengths and limitations [104]
[105] [106]. Moreover, with the growth in technology trends, practitioners and researchers need to
keep abreast of these trends and move from traditional and semi-traditional methods to more advanced
strategies that make use of emerging technology advances. This chapter examines relevant research
in this field of interest to understand the contributions made by current methodologies and to suggest

possible directions for further study.

2.1 Overview of (Customer) Clustering

Clustering, sometimes referred to as cluster analysis, is a machine learning approach that groups unla-
beled datasets [107]. To put it more precisely, clustering is the process of arranging (customer) data
points into categories of clusters, which are made up of customer data points with comparable char-
acteristics [108]. The items that share a lot in common stay in a group that is less or nearly identical
to another group. Since clustering is a form of unsupervised learning, we do not need any supervision
for the algorithm; it effectively handles the unlabeled dataset [I09]. There are generally two broad

categories of clustering, which are soft and hard clustering. A hard clustering is a method in which each

14
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data point is assigned to a single, distinct cluster, thereby ensuring mutual exclusivity and preventing
any overlap between clusters [110]. Whereas, soft clustering [111] is a technique where data points can

belong to multiple clusters simultaneously, with varying degrees of membership.

The most commonly used types of clustering include the following:

1. Partitioning Clustering: Partitioning clustering is an unsupervised learning method commonly
employed in data mining and machine learning to divide datasets into distinct, non-overlapping
clusters, where each data point belongs exclusively to one cluster [I12]. This technique is widely
applied in customer segmentation, image compression, document classification, and various other
domains requiring clear cluster delineation [113]. Prominent algorithms in this category include K-
means, K-medoids, and Clustering Large Applications Based on Randomized Search (CLARANS)
[I14]. Recent advancements have focused on improving the scalability and robustness of these
algorithms. For example, scalable K-means variants have been developed for big data applications
[115], while K-medoids adaptations enhance clustering quality in noisy datasets [116]. CLARANS

continues to be applied in spatial data mining with improved heuristic search strategies [117] [118]

2. Density-Based Clustering: Density-based clustering is a type of unsupervised machine learning
algorithm that identifies clusters as regions of high data point density separated by areas of
low density [I19]. Unlike partitioning methods such as k-means, density-based algorithms do not
require the user to predefine the number of clusters and are capable of detecting clusters of arbitrary
shape and size [120]. In this approach, dense regions form the core of clusters, while sparse regions
are treated as noise or outliers and are not assigned to any cluster. A key advantage of density-
based clustering is its ability to identify non-spherical clusters and effectively detect outliers [121].
However, one of its main limitations is its sensitivity to parameter selection, particularly in datasets
with clusters of varying densities [122]. When density levels differ significantly among clusters, the
algorithm may fail to accurately identify all groups. Density-based clustering techniques are widely
applied in fields such as anomaly detection, customer behavior analysis, and hyperspatial data
analysis [I123]. Prominent algorithms within this category include Density-Based Spatial Clustering
of Applications with Noise (DBSCAN), Hierarchical DBSCAN (HDBSCAN), and Ordering Points
To Identify the Clustering Structure (OPTICS) [124].
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3. Distribution Model-Based Clustering: Probabilistic clustering assumes that data is generated
from a mixture of underlying probability distributions, with each distribution corresponding to a
specific cluster [125]. The objective is to identify these distributions and assign each data point
to the cluster that most likely generated it. One of the most widely used probabilistic clustering
methods is the Gaussian Mixture Model (GMM), which employs the Expectation-Maximization
(EM) algorithm to estimate model parameters and perform clustering [126]. Unlike hard cluster-
ing methods, GMM provides soft clustering, where each data point is assigned a probability of
belonging to each cluster [127]. This approach is particularly advantageous in scenarios involving
overlapping or elliptical clusters and offers a robust probabilistic interpretation of the clustering
results [128]. However, it also has several limitations: it assumes the data follows a specific distri-
bution (usually Gaussian), is sensitive to the choice of initial parameters, and requires the number
of clusters to be defined a priori [129]. GMM-based clustering has been effectively applied in a
variety of domains, including speech recognition, customer profiling, bio-informatics and image

segmentation [127].

4. Hierarchical Clustering: Hierarchical clustering is a cluster analysis technique that constructs a
hierarchy of clusters using either an agglomerative (bottom-up) or divisive (top-down) approach
[130]. The agglomerative method begins by treating each data point as an individual cluster and
iteratively merges the two closest clusters until all points are grouped into a single cluster or a
predefined stopping criterion is met. Conversely, the divisive method starts with all data points
in a single cluster and recursively splits clusters into smaller ones until each data point forms
its own cluster or the stopping criteria are satisfied [I31]. Advantages of hierarchical clustering
include its intuitive nature and ease of visualization, as it produces a dendrogram that represents
the nested grouping of clusters [132]. Additionally, it effectively captures hierarchical relationships
within the data and is flexible with respect to the shape of clusters [I33]. However, the method
also presents some limitations. It is computationally intensive and may not scale well to large
datasets. Furthermore, hierarchical clustering is sensitive to noise and outliers, which can affect
cluster formation [134]. Lastly, once clusters have been merged or split, these decisions are final

and cannot be reversed [135].

5. Fuzzy Clustering: Fuzzy clustering allows data points to belong to multiple clusters simultane-
ously with varying membership degrees, unlike hard clustering methods that assign each point to

a single cluster. The most common algorithm is Fuzzy C-Means (FCM) [136] [137]. Advantages
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include that it effectively models uncertainty and overlapping clusters, making it suitable for am-
biguous data [138]. Limitations is that it requires specifying the number of clusters, and is sensitive
to initial parameters, and can be computationally demanding for large datasets [139]. Applica-
tions include image segmentation (medical and satellite imaging) [140] [141], pattern recognition
(handwriting, speech) [142], bioinformatics (gene expression, protein classification) [143], control
systems (fuzzy controllers, robotics) [144], and financial analysis (credit risk, portfolio manage-

ment) [145].

While clustering have been used in several domains such as cybersecurity [146], image segmentation
[147] [113] and other applications [148] [149], the focus of this study is on customer clustering for

marketing decision support in the retail sector.

In this research, we employ the fuzzy clustering approach for Dynamic Customer Segmentation (DCS) in
the retail sector. The motivation for choosing the fuzzy-based clustering is that a data object (customer)
can be a member of one or more groups or clusters using fuzzy clustering technique, which is a kind of
soft clustering technique [150]. Every dataset has a collection of membership coefficients that typically

vary according to the level of cluster membership [150].

2.2 Data-Driven Decision-Making in Retail

Using data to improve decision-making and company performance can provide a competitive advantage
and contribute to organizational success [I51]. Companies are motivated to acquire and preserve vast
amounts of raw data due to its business value [I52]. However, several organizations still spend huge
amounts of money to acquire data from its customers by investing in large server rooms, buying cloud
storage to store customer data, customer relation management technologies etc, yet there is still lacking
an intelligence in terms of mining a useful knowledge from the data [153] [154]. Raw data is rarely
valuable in and of itself, but its value is determined by the ability to extract meaningful information
from it [I55] [I56]. Hence, knowledge discovery (KD) from databases, along with data mining and the
application of artificial intelligence (Al) technologies, has become increasingly valuable for supporting

decision-making processes in businesses [157].
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2.3 Trends on Customer Segmentation Analysis

2.3.1 Customer Journey Mapping

Customer journey mapping (CJM) is a significant strategic management tool that is commended by
practitioners and scholars alike for its value in comprehending the customer experience of an organization
[158]. Despite the abundance of CJM articles in academic and managerial literature and the fact that
many service providers and businesses use this method, there is still uncertainty regarding the most
effective way to develop a customer journey map [159]. However, the basic concept of a Customer
Journey Map (CJM) is that it serves as a visual representation of the series of steps or actions that
customers take while interacting with a service provider throughout the course of a purchase or service
experience [160]. These steps are referred to as touchpoints, a touchpoint is an interaction between
a customer and a company's product or service. Touchpoints can be revisited, skipped, or exited
early, making the sequence iterative and nonlinear [161]. All potential organizational touchpoints that
clients can come across during the service exchange procedure are listed by CJM. As a result, senior
management can collaborate with cross-functional team members to implement strategies that promote

service innovation by having a thorough awareness of consumer touch-points [162].

Hollebeek et al. [163] state that the limitations of CJM also mean that managers may not be able to
properly utilize CJM for service innovation and improvement due to two main factors. First, despite the
fact that researchers have developed CJM theoretically, there are still few studies that provide practical
examples and guidance for management interpretation. Second, the CJM implicitly assumes that each
consumer interacts with every touchpoint (any customer interaction with a business before, during, or
after a purchase) in the journey and that, from the customer’s perspective, each touchpoint holds equal
significance. However, in practice, the relevance and impact of touchpoints may vary depending on
individual customer behavior and preferences. The primary elements of a CJM, as determined by data
compiled from literature analysis, include client, journey, mapping, objective, touch-point, chronology,

channel, stage, experience, lens, and multimedia [164] [165].

2.3.2 Behavioural Segmentation

Organizations can make remarkably accurate predictions about the consumer based on behavior using Al

predictive analytics [166]. Al can forecast future consumer behaviors, including buying habits, product
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preferences, and even attrition rates, by examining past data and spotting trends [167]. The capability
to do predictions gives companies the ability to develop marketing plans that are more timely and
focused. For example, based on consumer data, an African fashion company may use Al to forecast
which clothing styles will be popular in the following seasons, enabling more effective inventory control
and marketing campaigns. Common clustering techniques used for behavioral segmentation include the
Recency Frequency Monetary (RFM) model, artificial neural networks (ANN), hierarchical clustering,

and decision trees (DT) [168] [169].

2.3.3 Recency Frequency and Monetary(RFM)

Kabasakal [85] states that compared to the many methods for consumer segmentation, the Recency
Frequency Monetary (RFM) model is a very simple and successful one. The RFM model relies on
scoring consumers using various methods and is based on three dimensions pertaining to the sales data.
The RFM is a well-liked method for consumer segmentation based on the examination of purchasing
patterns. The RFM model analyzes customer purchases by tracking and representing every transaction
across three key dimensions: Recency, Frequency, and Monetary value [83]. Every consumer in RFM
receives a unique score and is ranked based on each parameter. Consequently, groups of customers
with comparable buying habits are found. A three-digit RFM combination that encapsulates a common

buying pattern within members’ transaction histories is used to represent each group.

2.3.4 Geographical Segmentation

This segmentation approach employs the spatial data from customers to perform DCS; this can be
customer home delivery data from online retailers or systems [170]. Thus, to carry out geographic
segmentation, addresses, city or country of residence, store location, and population density are taken
into consideration. Dominant data features used to perform geographic segmentation include but not
limited to characteristics such as age, marital status, gender, income, and education [171]. Ehsani and
Hosseini [172] implemented a geographic segmentation approach that extended the traditional RFM
model by incorporating tenure, resulting in the RFMT method. This method segmented consumers into
10 groups based on both temporal and geographic factors. To analyze geographic location, the study
examined market coverage, revenue distribution, and consumer distribution. Furthermore, consumer

density was used to estimate geographic coordinates and regional characteristics.
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2.3.5 Pyschographic Segmentation

Psycho-graphic segmentation is based on information like attitude, lifestyle, and personality [173], Self-
Organizing Map (SOM) is a machine learning technique for identifying both linear and non-linear patterns
in big, complicated datasets [174]. SOM are mainly used for this type of clustering technique. For
example, Ziaei and Hosseini [175] implemented a psychometrics SOM solution that segmented and
then developed profiles of Iranian green consumers. Based on the findings, four market segments were
identified and labeled as Intense Greens, Potential Greens, Egoist Browns, and Intense Browns. The
study also revealed that demographic factors such as gender, age, and income as well as psychographic
and behavioral factors such as personal values, religiosity, environmental attitudes, and knowledge, play

a significant role in predicting green consumer behavior.

2.4 Related Work on Customer Segmentation

The RFM model was originally introduced by Hughes of the American Database Institute in 1994
[176], and several research [177] [178] [179] have subsequently employed this approach in customer

segmentation and targeted marketing.

2.4.1 Research Trend on Customer Segmentation with RFM

A preliminary investigation established that clients with elevated RFM ratings exhibit a greater propensity
to make subsequent purchases [180]. Consequently, many attempts have been made to classify the client
base according to RFM values. Since then, numerous writers and studies have been conducted. For
example, Arjmand et al. [I8I], in their work, employed the K-means clustering approach to segment
their bank client base and computed the corresponding RFM values, facilitating an analysis of customer
profitability and enhancing customer segmentation to tailor marketing efforts. Chiang [182] performed an
RFM analysis of clients for a Taipei outfitter, a clothing company, utilizing the K-means, Fuzzy C-means,
and Bagged Clustering methods. The study used a new customer value model on a customer dataset
(based on the RFM model) and the analytical hierarchy process (AHP) approach. The value of customer
was determined using an implemented method called the Frequency, Monetary, Low Price/Discount,
and Cancellation (FMLC). The different ratios based on these attributes were used to determine the

customer value and customers that had minimum cancellations were considered as valuable customers.
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Other authors such as Oner et al. [45] used a multi-criteria decision-making (MCDM) combined fuzzy
data clustering to segment customers in retail sector from diversified sources based on location, the
MCDM showed satisfactory results compared to fuzzy data clustering, the authors approach utilized
recommendation system based on customer location, the limitations were that in some cases customers’
needs and visiting tendency was not able to be directly or precisely detected due to imprecise location
information or lack of data.

Muller et al. [183] introduced a novel customer segmentation technique utilizing RFM and demographic
data, the authors utilized a SOM to get demographic characteristics and employed the K-means clus-
tering algorithm to segment customers of an lranian bank, with customers likewise clustered based on
demographic data. Consequently, a customer profile was then created utilizing lifetime value, which
yielded valuable management metrics and recommendations. Furthermore, Dursun and Caber [184]
examined the characteristics of profitable customers at a five-star hotel in Antalya within the framework
of CRM, employing RFM analysis and the K-means algorithm, findings revealed that 369 profitable hotel
customers were categorized into eight segments: "loyal summer season customers”, " collective buying
customers”, "winter season customers”, "lost customers”, " high-potential customers”, " winter season-
high", " potential customers”, " new customers”, and "winter high potential customers”. Furthermore, a
significant amount of the clientele (36 percent) was categorized as " Lost Customers,” characterized by
brief stays, lower expenditure compared to other segments, and a tendency to visit the hotels during the
summer period. Results demonstrated that RFM successfully categorizes clients, potentially enabling

hotel executives to formulate novel approaches for enhancing their CRM capabilities.

Munusamy et al. [49] introduced the MDFCM clustering model to enhance the efficacy of DCS. The
MDFCM algorithm was developed by modifying the previous CDFCM algorithm, integrating the XB
index to effectively detect alterations in the cluster structure. The MDFCM model was implemented
on a retail supermarket dataset, which was subsequently updated with additional transaction data
from the same customers over eleven months, culminating in a total of eleven updates to the initial
dataset. Experimental results demonstrated that the MDFCM method outperforms both CDFCM and
Fathabadi's Dynamic Fuzzy C-means (FDFCM) algorithms, the latter being another excellent algorithm
documented in the literature [185] [49], thereby improving the effectiveness of DCS. The MDFCM results
are corroborated by fuzzy clustering assessment metrics, including the Xie-Beni index, weighted sum of

squared errors (WSSE), root mean squared error (RMSE), Kwon index, and Tang index.

Bellotti et al. [186] built a multi-index RFM model introducing Periodicity and Quantity to it to form
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RFMPQ. The experiment was based on a retail dataset; the findings demonstrated that the approach can
enhance enterprise customer relationship management and decision-making quality while more effectively

addressing the issue of customer segmentation.

Patel et al. [187] examined a customer lifetime value based on the RFM model and examined periods of
high and low visitor and purchase activity (binge purchasing), a phenomenon referred to as clumpiness
(C). One of the empirical findings of their study was that this type of purchasing behavior is relatively
common, and that "clumpy” consumers, those who exhibit irregular yet clustered buying patterns,
tend to generate as much, if not more, revenue compared to non-clumpy customers. These authors
created a new RFM framework from the traditional RFM and named it the RFM framework, making
the establishment of an RFMC (Recency, Frequency, Monetary and Clumpiness). Therefore, clumpiness
helps identify clients who are high-risk and high-potential. The model determines the weights of the

four components of the RFMC framework using an analytical hierarchical process (AHP).

To better examine the applications of RFM, Sestino et al. [101] shed light on the interactions between
the many data economy themes that have been discussed in the literature. The study provided a
comprehensive understanding of the opportunities, challenges and implications of the data for businesses,
governments, individuals, and society as a whole. It also examined the impact of data on knowledge,
digital business transformation, and the creation of business value. The conclusion of the study identified
eight themes, namely:

1. Data Security.

2. Technology Enablers.

3. Business Implications.

4. Social Implications.

5. Political Framework.

6. Legal Enablers.

7. Privacy Concerns

8. Data Economy
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These highlighted themes collectively capture the key elements of the data economy in the literature and
the marketplace. The model developed in their study can help scholars and practitioners conceptualize
the data economy and identify specific areas that require further research. The authors found that while
the term Industry 4.0 has been in use since 2010, retail 4.0 remains relatively unfamiliar to many retailers
worldwide [I0I]. However, the retail revolution has significantly enhanced customer convenience. Retail
4.0 presents an opportunity for organizations to adapt and remain operational during crises like the
COVID-19 pandemic. It enables businesses to maintain effective customer engagement regardless of
whether physical stores are open or closed, aligning with the pandemic’'s "new normal’ of reduced

physical interaction.

Zikri [188] tackled the traditional RFM challenges by utilizing the RFMD (Recency, Frequency, Mone-
tary, Diversity) model in conjunction with the Fuzzy C-Means (FCM) clustering algorithm to segment
customers based on their transaction data. The analysis identified five unique customer segments
through Customer Portfolio Analysis (CPA), with the segmentation validated using the Davies-Bouldin
Index (DBI). Each segment exhibited varying degrees of engagement and behavioral patterns. The most
valuable segments, superstar and golden customers, were represented by clusters 4 and 2, respectively.
While clusters 1 and 3 corresponded to Typical and Occasional customers. Cluster 5 included the Ev-
eryday customers, representing the lowest engagement group. These insights offer practical guidance

for enhancing customer retention and refining data-driven marketing strategies.

2.4.2 Emerging Technologies in Customer Relationship Management (CRM)

Other emerging technologies have also been incorporated in CRM and targeted marketing, such as the

following;:

Zong and Pan [189] optimized the traditional RFM and analyzed the customer consumption data in
the retail sector. The Self-Organizing Maps (SOM) was adopted to cluster customers and to name
customer clusters. Consequently, corresponding marketing strategies were given to different customer
categories, so as to support the accurate marketing of enterprises. Their research limitations were that

the SOM was only implemented on only one dataset.

Kshetri et al. [190] explored the use and benefits of General Artificial Intelligence (GAI) across different
business sectors for marketing purposes. The authors examined the factors that encourage and hinder

the application of generative Al in marketing. It makes the case that marketing content produced by GAI
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is probably more personally relevant than that produced by previous generations of digital technologies
and emphasizes how well insights gained by GAl can be used to personalize services and content. The
authors found that the use of GAl is growingly rapidly since 2023 due to cost-cutting and time-saving
[191].

Meriem et al. [192] argued that retail businesses are currently in the Retail 4.0 phase. Thus, suggested
that to satisfy consumer demands, the retail business is undergoing a transition by utilizing business
4.0 technologies, specifically Al, the Internet of Things (loT), Cloud Computing, BDA, and Augmented
Reality (AR). These significant advancements in production and data analytics technologies, particularly
those centered on Al techniques and digital manufacturing systems, are best defined as the fusion of

technology, innovation, and human expertise, resulting in the creation of intelligent and smart systems.

Hoque et al. [193] in the recent past studied a dynamic customer segmentation case for a retail store

with 541000 customer transaction records. The research was based on three aspects:

1. The market basket analysis,
2. Association rules

3. Customer segmentation approach.

The main algorithms used in this study were the K-means clustering technique. The initial objective of
this research was tested against the following classification models: Customer-Centric Market Basket
Analysis (CC-MBA), Frequent Pattern Growth (FP-Growth), and the Apriori algorithm to perform
customer classification. The Silhouette score validation was used to validate the results. CC-MBA was

the model with high classification accuracy.

Recently, Laga et al. [194] sought to understand the behavior of clients of an Indonesian Aesthetic clinic
by evaluating segmentation strategies. The data utilized in this study comprises sales transaction records
from aesthetic clinics, which serve as the basis for deriving insights into customer behavior. Their research
concentrated on customer segmentation and the integration of clustering models such as the K-means
algorithm. The identified consumer segments were characterized and designated utilizing customer
profiling methodologies such as the RFM model. The clients were segmented as loyal customers,
promising customers and active customers. Their findings suggest that customer segmentation enables

clinic managers to tailor services and promotional strategies to better align with the specific needs and
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expectations of each customer group. This insight helps the clinic focus on personalized marketing

efforts and resource allocation.

Azmi et al. [195] recently discussed in their study the method of utilizing the LRFMP model and
K-means clustering in data mining techniques to perform customer profiling. Furthermore, the paper
described the evaluation of their work, which was based on Elbow method, Silhouette Index, Davies-
Bouldin Index, and Calinski-Harabasz test. The result suggested that the LRFMP model is viable
in customer profiling when used together with the K-means clustering technique, even though some

variables may have contributed less than others in the results.

Zheng et al. [196] created SeqRFM, an efficient technique that blends RFM models with sequential
pattern mining. After several experiments by the authors the SeqRFM demonstrated superiority and

effectiveness compared to the most advanced RFM model based on sequential pattern mining.

Lastly, Putri et al. [197] in their work used RFM (Recency, Frequency, Monetary) analysis and the K-
Means clustering approach to segment customers and optimize retail marketing campaigns. Customers
were divided into six groups using transaction data from a major retail business. The authors’ results
showed increased loyalty through retention campaigns. The clustering evaluations showed a Silhouette
score of 0.311 was calculated for At-risk customers, which meant there is improvement needed to

reactivate customers to make purchases to prevent customer churning for those customers at risk.

This work applied fuzzy clustering algorithms to achieve Dynamic Customer Segmentation, beginning
by replacing coded values in traditional RFM models with continuous variables. This allows for a more
flexible and accurate categorization of customer behavior. Building on the approach of Chang et al.
[198] and Wu et al. [199], the use of continuous values enhances the application of RFM metrics in
customer segmentation. After finalizing the RFM model and introducing a new Cascaded RFM model,
we implemented three clustering methods CDFCM, MGGFCM, and MDFCM on the customer transaction
dataset. In order to evaluate and compare the results, standard metrics such as the Silhouette Score,
Xie-Beni Index, and Root Mean Square Error (RMSE) were used. Table provides a summary of

previous studies conducted on customer segmentation.
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Table 2.1: Overview of related research on RFM models and
clustering techniques
Ref Research fo- | Domain and | Models Used Country Findings
cus Country
[11] (2016) Customer risk- | Authors  used | RFM, and | United States of | Customers with
iness, and en- | data from a | RARFM  (risk- | America(USA) high  RARFM
hancing CRM. | direct marketing | adjusted recency, scores are
firm comprising | frequency, mon- more profitable
2,000 sales force | etary value) and likely to
personnel. scores were cal- purchase pro-
culated using a motional items.
non-parametric
method
[200] (2017) Customer seg- | Pharmacy Re- | K-means,  Ag- | Sweden K-means and
mentation for | tail. glomerative Agglomerative
decision  sup- and Mean- clustering algo-
port. Shift clustering rithms are best
algorithms, for  customer

segmentation

models RFM,
LRFM and
LRFMP

segmentation.

Continued on next page
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Table 2.1 — Continued from previous page

Ref Research fo- | Domain Models Used Country Findings
cus
[201] (2017) RFM weighted | Supermarket RFM model and | India Decision-
transactions for | Retail. weighted trans- makers can
DCS actions of a store use associa-
with the F and M tion rules to
criteria and Apri- improve  mar-
ori algorithm. keting, increase
profits, and en-
hance customer
satisfaction.
This approach
outperforms
traditional
methods in
predicting sales
revenue.
[202] (2019) MDFCM  al- | Retail ~ Super- | Traits Fuzzy C- | India The results
gorithm for | market. Means (DFCM), demonstrated

operational
efficiency.
Evaluated us-
ing dynamic
clustering
based on be-
havior and

MDFCM.

Modified Dy-
namic  Fuzzy-C
means (MD-
FCM)

the effective-
ness of the
proposed MD-
FCM algorithm
compared  to
the existing
DFCM  algo-

rithm.

Continued on next page
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Table 2.1 — Continued from previous page

Ref Research fo- | Domain Models Used Country Findings
cus

[203] (2021) Customer clas- | Dutch data min- | K-means  clus- | Amsterdam While K-Means
sification tech- | ing company in | tering algo- showed promis-
nique via data | insurance indus- | rithm combined ing  clustering
mining. try with the Self- results, SOM

Organizing Map outperformed

(SOM) tech- in the sense of

nique (based on speed, quality

Artificial Neural of  clustering

Networks) and visualiza-
tion.

[178] (2021) RFM  analysis | Retailing sector. | RFM  analysis, | Taiwan Most cus-
to identify prof- Apriori algorithm tomers were
itable  clients "Lost Cus-
through CRM. tomers’, spend-

ing less time
and money.
The  authors
suggested CRM
strategies  for
these groups.

[204] (2021) Customer seg- | E-Commerce K-Means (unsu- | India Derived in-
mentation and | Online  Retail | pervised learning sights are
Machine learn- | Organization. algorithm) helpful in de-
ing. cision making

for the business

wings

Continued on next page
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Table 2.1 — Continued from previous page

Ref Research fo- | Domain Models Used Country Findings
cus
[205] (2022) Customer seg- | Retail Sector market  basket | Iran The quality
mentation and analysis,  Self- of  marketing
market basket organizing maps suggestions
analysis to de- and Apriori algo- improved. The
fine marketing rithm. dataset was
strategy for ev- divided into
ery segment six pieces after
eliminating
group (Q)
products, and
the Apriori
technique was
applied to each
section.
[7] (2022) Customer seg- | online E- | Self-Organizing | N/A Findings
mentation  in | commerce neural net- demonstrated
digital market- | industries work  (SONN), the  effective-

ing

Self-organizing
map with an
improved social
spider optimiza-

tion approach.

ness of the
suggested ap-
proach, which
has a high
capacity for
segmentation
and clustering
to increase

marketing busi-

ness profit.

Continued on next page
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Table 2.1 — Continued from previous page

Ref Research fo- | Domain Models Used Country Findings
cus
[206] (2023) Customer seg- | UCI  machine | K-means N/A Increased cus-
mentation, learning reposi- tomer satisfac-
competitive tory. tion, improved
advantage and customer  re-
business expan- tention, and
sion. enhanced prof-
itability
[207] (2024) Explored  the | Data collection | Deep Neu- | manual both these
concept of | from sen- | ral Networks technologies
smart cities | sors (Traffic | (DNN) have the power
and the role of | Management to change
the Internet of | System) urban settings
Things  (loT) and make it
and  machine possible to
learning (ML). build more
efficient,  sus-
tainable, and
livable cities.
[208] (2024) Customer seg- | online retail in- | RFM  Analysis, | United Kingdom | Customer
mentation, Big | dustry K-Means (unsu- insights are
Data Analytics pervised learning better with
and  Machine algorithm) behavioral,
learning demographic,

and real-time

data

Continued on next page
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Table 2.1 — Continued from previous page

Ref Research fo- | Domain Models Used Country Findings
cus
[209] (2024) Customer  be- | Retail Industry | RFM  segmen- | United Kingdom | RFM  analysis
haviour tation, Random offered unique
Forest, LGBM value by provid-
(Light Gradi- ing key insights
ent Boosting into  customer
Machine), and behavior.
XGBoost  (Ex-
treme Gradient
Boosting)
[210] (2025) Customer Retail Industry | machine learn- | Turkey K-Means out-
relationship ing  algorithms performed
management K-Means, DB- others in in-

SCAN, Gaussian
Mixture Models
(GMM), and
Self-Organizing
Maps (SOM)

terpretability

and statistical
validity.  DB-
SCAN excelled
at detecting

non-spherical

clusters, while
GMM and
SOM  offered
more  detailed

segmentation.

Continued on next page
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Table 2.1 — Continued from previous page

Ref Research fo- | Domain Models Used Country Findings
cus
[211] (2025) Customer Healthcare Ser- | RFM, K-Means | Colombia It was con-
Segmentation vices cluded that
management data analyt-
ics enables

organizations
to manage
information

efficiently, sup-
porting  effec-
tive customer
segmentation

strategies that

foster inter-
action and
personaliza-
tion.

Continued on next page




Section 2.5. Chapter Summary

Page 33

Table 2.1 — Continued from previous page

Ref Research fo- | Domain Models Used Country Findings
cus
This work (2025) | Achieving DCS | Real  dataset | cascaded RFM | South Africa The experiment
for target mar- | from a Phar- | model, Modi- showed that
keting in the | macy Retail | fied Dynamic the MDFCM

retail sector | (South Africa) | Fuzzy C-Means performed bet-
through a (MDFCM) ter than the
comparative algorithm, Cre- MGGFCM and
analysis of spo's  Dynamic CDFCM, and
fuzzy clustering Fuzzy C-Means that CDFCM
models. (CDFCM) algo- performed
rithm, Modified better than
Gath-Geva MGGFCM. The

Fuzzy C-Means

cascaded RFM

algorithm (MG-
GFCM)

model  shows
promise in
assisting  with

DCS task.

2.5 Chapter Summary

The discussion in this chapter presents a general overview of the background research, namely the
literature review containing an in-depth overview of current methods of retail customer data clustering
approaches, the types of techniques used in customer segmentation data clustering as well as the
identified limitations. This chapter also presents the related research studies, the reviewed literature
mostly focused on retail customer data clustering revolving around pharmacies and retail supermarkets,
and customer buying pattern analysis was the key focus of the studies. However, none of these papers

focused on the dynamic customer clustering using dynamic data updates over a cascaded RFM approach
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as done in the current research. The proposed methodology aim to improve upon traditional methods
of customer data clustering as well as introduce research efforts involving a cascaded approach (this
approach enables the researcher to treat each variable importantly and thus gain insights into its effects
on other variables). The exposition in this chapter creates a balance on research efforts in the past
years and areas that could be further explored for improvement. Figure [2.1] presents the overview of the
research solution in the current study. The approach implemented in this research used ML clustering
algorithms to discover knowledge from a retail customer database; afterwards, these clustering algorithms
were compared to measure accuracy, and business owners and marketers can design marketing strategies

based on the results.

Business understanding —— Determing Business Objectives

v

Data understanding E—— Data Analysis

Data Reduction

\ 4 Data Cleaning
Data Preprocessing —_— Data Transformation
Normalization

v
Segmentation Types  ———» Behavioral Segmentation
—> RFM + K-MEANS
Modelling e
3 Cascaded RFM{CRFM)
) CRFM + CDFCM
3 CRFM + MGGFCM
) CRFM + MDFCM
Evaluation R — Compare Results

Figure 2.1: General Overview of Knowledge Discovery Process in this Study

Three critical steps must be explicitly delineated: data preprocessing, data modeling, and RFM anal-

ysis [212], as these constitute the foundation for subsequent clustering models. The evaluation phase
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involves comparing the outcomes produced by various clustering algorithms through the application of
evaluation metrics, including Silhouette scores, the XB-Index, and RMSE, to identify the algorithm that

demonstrates superior performance and results.



Chapter 3

DESIGN AND METHODOLOGY

This chapter outlines the study’s methodology and provides additional clarification on the strategy im-
plemented for the dynamic customer segmentation method. The main factors explored in the experiment
are detailed, as well as the evaluation metrics used to determine the potential usefulness of the methods
implemented and possible limitations within the context of the parameters that are considered in this
research. The development and design processes are described to provide details on what has been
taken into consideration when creating the base data model for the DCS approach and the resultant

data model, which is Cascaded RFM model built from it.

3.1 Design Framework

The overall framework of the proposed approach is presented in Figure [3.I} and how it fits into the
context of assisting business managers and marketers in dynamic customer segmentation. The framework
consists of three major layers, which are:

1. Data acquisition layer.

2. Processing layer.

3. Decision support layer.

36
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Figure 3.1: Framework of the DCS Approach.

3.1.1 Data Acquisition Phase

The data acquisition phase is where all the customers’ purchasing historical data and personal data
(location, address, etc.) are captured, such as club card purchases, vouchers, bank card transactions,
and digital bank card linking to customer profiles. This allows consumers to link or attach their existing
credit or debit cards to rewards systems such as loyalty programs, digital coupons or non-reward based
systems, such as mobile wallets, to mention a few. This raw data needs to be captured to decipher
the customer purchasing trend. This customer transactional data is normally captured using loyalty
program, speed points, and data collected in this layer is usually reliable and accurate. Thus, a correct
decision can be made based on the analysis of the data. Furthermore, the mode of data collection is as

important as the data collected.

3.1.2 Processing Phase

The processing phase involves analyzing and reviewing the raw data collected during the data acquisition
stage. In this step, raw data is transformed into meaningful information that can be used for customer
segmentation in marketing. This enables businesses to tailor products and offers that align with customer
preferences. During this phase, purchasing patterns can be identified and linked to historical buying

behavior for specific products. Two key observations can be made at this stage, such as:
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1. Customer purchase history: such as products that a customer has purchased and is likely to

purchase in the future.

2. Amounts spent on a daily, weekly or monthly basis, that could help in determining the value of a

customer.

3.1.3 Decision Support Phase

The final phase is decision support, wherein customer profiles are developed from collected data and
utilized for targeted marketing based on customer segments or clusters. These profiles, derived from
historical purchase data, allow businesses to create product bundles aligned with customer needs and
preferences. Additionally, product associations can be designed and marketed more effectively. In sum-

mary, insights into customer purchasing behavior can guide decision-making in various ways, including:

1. Creation of marketing campaigns.
2. ldentification of high-value and low-value customers.

3. Determination of customer relations management strategies, and offering better service quality.

Figure provides an overview of the customer profiling journey used in this study. A detailed expla-
nation of the customer categories (or profiles) is presented in Section [3.2.3.4] The profiling process is
based on customers’ historical purchase data and is used to project potential future purchases. Based

on these projections, products are marketed differently to different customer segments.
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Customer Data
1. Transactional Data
2. Behavioural Data
3. Financial Data

Clustering using
MDFCM, CDFCM and
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Customer Profile
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Figure 3.2: Customer Profile

Lost Customers Clusters or Segments

Customer Profile

Once customer profiles are created from the customer transactional data by the clustering algorithms,

then marketing strategies can be triggered. Figure [3.3]is a further illustration of how customer profiles

and products (SKU - Stock Keeping Unit) can be used in conjunction with a recommendation system

to trigger marketing alerts to customers on different clusters and initiate follow-up strategies on CRM.

—

Customer profile

Trigger Email  Meobile Notification

~

SKU
Products
etc
Products features
—— Recomendation System
r¥a
L 1 X ]

Clustering Algorithms
CDFCM. MGGFCM, and
MDFCM

o

Customer Recommendation Segment(s)

Figure 3.3:  Customer Profiles, Products and Recommendation System
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3.2 Dynamic Customer Segmentation Process

3.2.1 Data Collection and Preprocessing

This study used a quantitative transactional dataset that contains customer transactions from a South
African-based retail organization. The customer transactional data contains 55150 records with 7 fea-
tures, as shown in Table[3.I] Given the nature of this research and data used, permission was granted by
the organization to utilize data only for research purposes, all data were anonymized. The study received
ethical approval to ensure that the research was conducted appropriately and responsibly [213]. A copy
of the ethical approval documentation is provided in Appendix [A.I] The actual details of the customers
are not revealed, such as demographic details, contact details, age, gender, etc (a pseudo-person ID is

assigned to each customer).

Table 3.1: Transactions dataset attributes for Nivea products

Features Data Type Description
) The quantity of each product
Quantity Numeric
in every transaction
) Store
StoreNo Numeric
Number
Stock Keeping ) SKU Number code,
Numeric
Unit A unique number is assigned to each distinct product.
Transaction Date | Date Transaction date and time
Customer number. Nominal,
CustomerID Numeric and unique integral number assigned to each customer.
This is not a loyalty number.
Unit Price Float Unit Price
Supplier
Supplier Cost Float
Cost

The dataset described in Table [3.I] was in the form of a CSV file. The CSV file was imported, cleaned,
aggregated as per the requirements, and converted into a new data frame. The preprocessing step
involved cleaning of data by removing the null values and defining one more attribute called “Amount”,
which is the product of Quantity and Unit Price attributes. This process also involved the creation of

two more datasets using aggregation, which are:
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e Customer aggregate data.

e Invoice aggregate data.

The missing entries in the customerID field, duplicate entries, cancelled transactions, and invoices that
do not relate to customers are removed. The methodology steps used in the study are depicted in Figure

which shows three stages, i.e., data processing, data analysis, and results.

ATTRIBUTE SELECTION
RAW DATA OF
DATA PROCESSING |—STEP 1 CUTOMER
TRANSACTIONS
DATA CLEANING
DATA ANALY SIS STEP 2 »> RFM ANALYSIS

4[ CASCADED RFM ANALYS1S ]7

h 4 h 4 h 4

CRESPO'S DYNMAMIC FUZZY C- MODIFED GATH-GEVA FUZZY MODIFIED DYNAMIC FUZZY C-
MEANE (CDFCM) CLUSTERING MODEL (MGGFCM) MEANS (MDFCM)

TRANFORMATION PROCESSED DATA

h 4

COMPARE RESULTS WITH CRFM.
COFCM. MGGFCM and MDFCM
N INFERENCES AND
STEP INTERPRETATION ]

RESULTS AND
DISCUSSION

Figure 3.4: An illustration of the Research Methodology

Table shows the format of the original retail customer dataset. Actual data has been anonymized
and replaced with pseudo-values. However, the data formats and structure of the data have not been

altered or tampered with. The following is a general view of the retail customer data.

Table 3.2: Retail Customers Purchase Dataset

StoreNo | SKU | TransactionDate | CustomerlD | Quantity | UnitPrice | SupplierCost

1111 211111 | 2023.02.14 111344292011 | 1 22.6 16.5
2222 222222 | 2023.02.15 222344292011 | 2 33.6 445
3333 233333 | 2023.02.16 333344292011 | 3 44.6 53.5

4444 244444 | 2023.02.17 444344292011 | 4 55.6 415
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3.2.2 Data Flow Diagram

Figure [3.5] shows a relational representation of customers and their historical sales records, the files
include Customer File, Sales File, Calendar File, Product File, and Store File, this representation helps
us to link customers to their historical transactions and stores at which these transactions occurred,
through this relational association we can also further link customer demographic details and contact

information, etc.

Customer File

¥

Internal Clubcard Clubcard: Internal Person Key:

Key: NWCUST_NO w0k 12345677 Person_|ID

111111111 9235417654

Internal Clubcard Clubcard: Internal Person Key:

Key: NWCUST_NO Kxx22225678 Person_ID

222222222 9235417654

Internal Clubcard Clubcard: Internal Person Key:

Key: NWCUST_NO ®xx33335679 Person_|ID

978675432 9235417654

Sales File

Internal Clubcard Internal Date Key: Internal SKU Key: Internal Store Key:
Key: NWCUST_NO | NTIME_NO NWFOCUS_NO NWLOC_NO
111111111

Internal Clubcard

Internal Date Key:

Internal SKU Key:

Internal Store Key:

Key: NWCUST_NO | NTIME_NO NWFOCUS_NO NWLOC_NO
»| 978675432
A
Internal Internal Store
Date Key: Date:2025- Key: Store:101
NTIME_NO 08-04 NWLOC_NO
1234 Internal SKU Key: g99
Internal Date:2025- NWFOCUS_NO SKU:303998 Store File
Date Key: 06-05 45678
NTIME_NO Product File
1235

Calendar File

Figure 3.5: Illustration of Relational Customer Database

3.2.3 Data Clustering Models Explored

In this section, we explain the customer segmentation models used in this study, i.e., the RFM Segmen-
tation model was used as a base data model to build the Cascaded RFM model. Tavakoli et al. [214]
state that several goals should be put into consideration when developing an effective Customer Seg-

mentation model. The goals suggest that organizations need to have a static or semi-dynamic definition
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for R (Recency). This goal helps organizations to have appropriate insight into their active (Loyal and
Best), lapsing (Almost Lost), and lapsed customers (Lost), which is extremely significant for a business.
Moreover, they can monitor the success or failure of a marketing campaign (or plan), since, according
to the static definition of Recency, the segments before a marketing campaign can be compared with
the segments after that marketing campaign. Furthermore, the relationship between Frequency and

Monetary attributes should be considered [215] [216].

The relationship between Recency and Monetary is highly important in a successful customer segmen-
tation model since they have several effects on each other, which should be handled by decision-makers.
Therefore, in the case of a low-quality or low correlation model, organizations may merge or manipulate
some segments to handle this relationship. Furthermore, changes in business and user behaviour should
affect the customer segmentation model. Businesses, especially e-commerce, are faced with several
dynamics that can impact customer segmentation clusters. For example, these include customers’ will-
ingness to do online transactions and security concerns [217]. Hence, the models need to align with

managing the dynamics.

3.2.3.1 RFM model

RFM refers to a customer’'s recent activity, frequency, and monetary values. To be more precise,
Recency refers to the time from the last purchase, Frequency indicates the number of purchases, and
Monetary represents the amount spent during that period, as already mentioned in the "Background
Introduction” Section [1.I] Recency is considered the most crucial of the three RFM attributes; previous
research suggests that the importance of RFM values varies by firm and product type [218]. The concept
has been widely used in practical fields, including direct marketing for many years. The RFM model
helps decision makers discover important customers and design effective marketing strategies [219].
These three characteristics can be used to segment clients based on their purchase behavior, since, the
customer sales transaction database contains attitudes towards products, brands, benefits, and loyalty

[220].

Another approach used to define the RFM variables is by using the benefit and cost criterion [221]. In

this approach, the variables are defined as follows:

1. Recency refers to the interval from the time when the last purchase was made by a customer, a

lower value is a better value (i.e., cost criterion).
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2. Frequency is the sum of the purchases that was made by a customer within a specific period. A

higher value suggests greater loyalty (i.e., benefit criterion).

3. Monetary shows the amount of money spent during a certain time period; a higher value suggests

that the customer is more profitable for a company (i.e., benefit criterion).

To quantify customer behavior using the RFM model, the following steps were applied. The customer
database was sorted using RFM score for each customer, and the customer list was divided accordingly
into four equal segments. This approach is known to have an identical number of customer divisions
(clusters). RFM quartiles (sometimes quintiles (20%) depending on the size of data) are used, quartiles
(25% customer groups) have varying response rates, and customers are classified based on their purchase

dates; a top group is assigned a value of 4.
(1.) RFM variables selection

In the early stages of this research, we proposed to segregate the original customer data into monthly
(30 or 31 days) data quotas by ordering it using a month column attribute of the customer dataset
to determine customer trajectories over the 6-month periods. However, we realized this approach was
not new; Munusamy and Murugesan used this approach in their work for DCS [49]. The advantage of
dividing the dataset into monthly quotas is that the same customers can be tracked over a specified
period. However, literature recommendation is that any dynamic clustering algorithm should be able to
deal with new data updates, irrespective of size and time cycles [222]. As a result, we abandoned that
initial idea. Hence, data separation into quotas or executable data packets milestones is an approach
that can be decided by organizations based on when they want to be notified of their customer behaviors.
In this case, and to give room for flexibility, the value of T can be daily, weekly, monthly, quarterly, or
yearly basis, etc. Consequently, in this study, we processed the customer data as it was received without

segregating it into time cycles.

At first, we computed the RFM variables from the original customer dataset by taking the transaction
Date and renaming it the "Last Purchase Date” for each customer and subtracting the current date
as follows: Recency = Last Purchase Date - Current date. The following Equation [3.1] illustrates the
formula in Python code and how the calculations were done (see python script on Figureof Appendix

A for more details)
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RecencyV alue = (Dataset.Last PurchaseDate — DateTime.Now).days. (3.1)

Secondly, to compute the Frequency attribute, we count the SKU (Stock Keeping Unit) total number
or products bought by the customer over the specified period. In this research, we use CustomerlD
and PersonlD interchangeably. Equation shows the method used to calculate Frequency values of
customers (see Figure of Appendix A for more details)

FrequencyValue = Dataset.Personl D x Count(Dataset.SKU). (3.2)

Lastly, we computed the total cost or amount by multiplying the quantity and the unit price as shown

in Equation (see Figure of Appendix A for more details).

MonetaryV alue = Dataset.Quantity * Dataset.UnitPrice. (3.3)

(2.) RFM score

An RFM score is a numerical value that represents the customer’s response, frequency, and monetary
value metrics. Computing the RFM scores for customers yields a better indication of customer perfor-
mance and assigns a value to each customer on a scale of 1 to 4 (in some cases 1 to 5 if using quintiles),
and 4 being the best value customer and 1 lowest value customer. Businesses and organizations use
this scale to categorize customers based on the numerical RFM score value [223]. Furthermore, the
scaling of values for Recency, Frequency and Monetary is referred to as R_Quartile, F_Quartile and
M _Quartile, respectively, and the RFM Score is the sum of these scaled values. Equation shows

the formula used for calculating RFM Score.

RF Mgcore = R_Quartile + F_Quartile + M _Qaurtile. (3.4)

Equation is a string concatenation of the R_Quartile, F_Quartile and M _Quartile values, it does
not compute to a sum total. For example, if R_Quartile = 1, F_Quartile = 1 and M _Quartile = 1,
adding these values will not equal 3, but 111. Hence, it refers to the process of combining two or more
strings into a single string through appending one string to another or creating a new string value that

contains the original values in sequence.
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(3.) Percentiles and quartiles

The initial scoring approach involves calculating percentiles for each RFM component based on the
distribution of values in the data. These are percentages of values that belong to a certain number
interval. Quartiles are four equal intervals of the percentile, for example, the 25%, 50%, 75%, and 100%
percentiles. The following Equations are used to compute RFM Quartile values, where n represents the

number of data points in the dataset.

First Quartile(Q1) = (n+ 1) x % (3.5)
Second Quartile(Q2) = (n+ 1) x % (3.6)
Third Quartile(Q3) = (n+ 1) x Z (3.7)

The score of Recency increases with shorter analysis time (days or months). A high Recency score
indicates a customer’s likelihood to make repeat purchases. The top 25% segment is coded as 4, the
next 25% as 3, and so on. Each consumer in the database is assigned a number ranging from 4 to 1
[176]. Consequently, The Recency for each customer in the database is organized by purchase Frequency,
and the term of Frequency is sometimes simplified to include both single and recurrent purchases. Then
the top quartile is assigned a value of 4, while the others are assigned values of 3, 2, and 1. A higher
Frequency score suggests increased client loyalty, as well as strong demand for the product and increased

likelihood of repeat purchases.

Monetary refers to the amount spent by a consumer within a specific time period or the average ZAR
amount, inclusive of all purchases to the last purchase date. The average purchase amount instead of
the total accumulated amount is recommended to avoid co-linearity between Frequency and Monetary
variables [224]. All customers are tallied using 444, 443, 442,..., 111, resulting in 64 (4x4x4) RFM
cells. Moreover, the best customer category is 444, while the lowest is 111. RFM behavior scores can

be used to categorize customers and examine their profitability [216].

Quintiles are known to offer better granularity, in case an organization is interested in that, and divide
the data up to five segments. However, it will be more challenging to create segments as this will result

in 555(1-5) possible permutations [225]. Hence, we used quartiles in this Research.
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In this research, the scoring approach for Frequency covers four intervals, including 1-30 days, 30-60

days, 60-90 days, and 90-120+ days, which are auto-coded as 4, 3, 2 and 1, respectively. [226].

Get All Customers

.
]

DetectR, F& M
values

v

Normalize R,F & M
values for each
customer

Mean Normalization
to make the
RFM values
between 1-4

Form an RFM Score
for each
customer(e.g. 444)

= New Customer Data
Customers

Figure 3.6: RFM Model Flow Chart

Figure 3.10] illustrates the RFM model process, highlighting the procedural steps and transformations
of the customer data for processing. Furthermore, we used a coding of the RFM values between 4 and
1, with 4 indicating the best customers and 1 indicating a lower rank of customers (Lost Customers),
2 and 3 indicating moderate (Almost Lost) customers and loyal customers respectively. Consequently,
due to the number of clusters we can create from the customer dataset, as derived by the elbow method
which is discussed in Section [3.2.3:3] and the size of the dataset, we are required to decide on the RFM
scaling values suitable for customer data [227] [228]. Tableshows the general approach in choosing

a suitable scale to form the RFM score based on the size of the customer data.
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Table 3.3: Choosing RFM Score Scale

Scale | Number of customer data records
1 -3 | less than 30000
1-4 | 30000 — 200000

1-5 | 200000+

In RFM analysis, quartile and quintile segmentation methods are widely employed to categorize cus-
tomers based on their RFM scores. These methods enable the stratification of ranked customer data

into equal-sized groups, thereby facilitating more precise behavioral segmentation [229].

Quartiles partition a ranked distribution into four equal parts: 0-25%, 25-50%, 50-75%, and 75-100%.
In this approach, each of the R, F, and M dimensions is assigned a score from 1 to 4, corresponding to

the quartile into which the customer’s value falls [230] 231].

Similarly, quintiles divide the ranked data into five equal segments: 0-20%, 20-40%, 40-60%, 60-80%,
and 80-100%. In quintile-based RFM scoring, each R, F, and M value is assigned a rank from 1 to 5,

reflecting its relative position within the distribution [232] 233].

As a result of the discussion on quintiles versus quartiles, and based on the summary provided in Table
3.3} an appropriate scale was selected for our dataset, considering the number of records in the customer
transactional data. The optimal K value that was indicated by the Elbow method was also taken into
consideration. Therefore, we decided to create the RFM score using values between 1 and 4 for this

research.

Table shows indicators for customers that exists on the different customer segments. The signals
(T or | ) make it easier to see if the lucrative customer was expanding or contracting over a period of
time. It is a good thing if the organization's profitable segments are expanding; also, the expansion of

the non-desirable segments is a bad sign for the company [234].
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Table 3.4: Customer Segments Indicators (Characteristics)

Category (Pattern) | Recency | Frequency | Monetary Segment

1 R1 F7r M7t Best

2 R7T Fl Mt Loyal

3 R Fl M1 Big Spenders

4 R Fl M Almost Lost

5 R F| M| Lost Customers

3.2.3.2 The RFM model data normalization

Min-max normalization method was used for the normalization of the customer transactional dataset
in this study because it is useful when working with features that have different scales or ranges, as it
ensures each feature contributes equally to the analysis, especially in machine learning algorithms [235]
[236]. The min-max method performs a linear transformation on the original customer transactional
RFM model data. This step takes into account the maximum and minimum values of a feature, that is,
Recency, Frequency or Monetary, and assigns values for Min, and Max;, parameters. Then min-max

normalization maps a value, v, of the specific attribute to v' in the range of [ newminA, newmaxA] by
computing in Equation [3.8] [237].

— Mi
v = (MZ:zb — j\ZZna) (newmax A — newminA) + newmazA. (3.8)

Further illustration of the equations used is shown below. The calculation for the benefit criteria

(Monetary and Frequency) was done as follows:

RV — MinVF
ForM = .
T (MaaVF — MinVF) (3.9)

and for the cost criterion;

MaxVF — RV
= 1
R (MaxVF — MinVF) (3.10)

Where RV denotes record value, MinVF represents the minimum (Min) value of the field, and MaxVF

denotes the maximum (Max) value of the field.
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3.2.3.3 K-means and Elbow method

Bholowalia and Kumar [238], in their work, assert that K-means is a widely utilized clustering approach
based on partitioning. It is a straightforward and rapid approach for selecting cluster heads. Zamri et
al. [239] assert that the Elbow technique evaluates the percentage (percentiles) of variation explained

relative to the number of clusters.

This strategy is predicated on the notion that many clusters should be selected so that the inclusion
of an additional cluster does not significantly enhance the data modeling [240]. The proportion of
variance elucidated by the clusters is graphed in relation to the number of clusters. The initial clusters
will provide substantial information; however, at a certain juncture, the marginal gain will diminish
markedly, resulting in an elbow-like angle on the graph. The appropriate number of clusters, denoted as
K, is determined at this stage, thus employing the elbow criterion [239]. The objective is to commence
with K = 2 and increment it by 1 at each subsequent step. The stabilization of the value of K signifies
the greatest number of clusters achievable; hence, this study utilized up to a maximum K = 4 based

on the completed experiment.

n

Z ZikTij

ap = %, and. (3.11)
Z Zik
i=1

) 2 . 2
1 if ||lo; — agl]” = min ||z; — ag|
Zik, = l1skse : (3.12)

0 otherwise

Where: n is the total number of instances in the dataset, x; corresponds to the i-th instance, ay is the
centroid of the k-th cluster, z is the inertia, and ||2; — a||? represents the squared Euclidean distance

between instance x; and centroid ay.

Equations and are used to calculate cluster centers and memberships, respectively.
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Algorithm 1 (K-means algorithm).

Input:

DS: Datasets having n instances (observations) of segments (clusters)
K: number of clusters

Algorithm:

1 randomly choose k points in DS to form the cluster centers

repeat:

According to the mean value, reassign each object to the cluster Equation [3.11

Evaluate each data point chosen as centroids using Euclidean distance Equation (3.12

until:
the maximum number defined for the clusters is reached
the process is aborted also if the resulting segments are the same as the previous step

Output:

© 0 N o a0 B~ W N

K clusters segmenting customer database

The K-means algorithm is typically used in conjunction with the RFM model. Also, to give a pictorial
illustration of the RFM model in customer clustering. Cheng and Chen [86] employed K-means and
an RFM model to manage customer relationships. Findings show that the model they suggested is
a useful technique for customer value analysis. The K-means algorithm is an iterative algorithm that
attempts to segment the dataset into predefined, distinct, non-overlapping clusters, where each data
point belongs to only one cluster. It seeks to make the intra-cluster data points as similar as possible
while also keeping the clusters heterogeneous. It assigns data points to a cluster such that the sum of
the squared distance between the data points and the cluster’s centroid (the arithmetic mean of all the
data points that belong to that cluster) is at a minimum. The less variation there is within clusters,
the more homogeneous the data points are within the same cluster. Thus K-means algorithm is used

to cluster according to R-F-M attributes for the RFM model [241].

3.2.3.4 Cascaded RFM model

Customer value analysis calculated using the traditional RFM approach served as the baseline for de-
veloping the Cascaded RFM model used in this study. The Cascaded model further analyzed customer

value through a cascaded process following the Recency, Frequency, and Monetary values. This research
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used cascaded combinations of:

e Recency + Frequency (RF)
e Recency + Monetary (RM)

e Frequency + Monetary (FM)

This approach allowed for flexible clustering based on different RFM attribute priorities, recognizing
that businesses may value each metric differently, thereby justifying the cascaded process. For example,
an organization may only be interested in RM. Hence, do not prioritize the Frequency variable. This
approach provides organizations with the ability to be flexible and to select a combination of attributes
based on their business goals and interests. Hence, it allows organizations to evaluate cluster behaviour
over a time period, such that they can construct, omit and move clusters accordingly and tailor strategies
that meet their customer marketing goals. Moreover, the different attributes of the RFM reveal different
information about the customer [242]. For example, Recency only reveals the time of the last purchase
for each customer and does not necessarily indicate their loyalty. Hence, a permutation of these three
attributes helps to achieve the behavioral changes of a customer in relation to their purchases, it further
allows businesses to grade and determine the value of a customer through understanding customer
Recency, Frequency, and Monetary values independently and collaboratively. Such isolation would be
appropriate as business decisions and goals change over time, and their interest in customer behavior

changes over time. The different combinations of the RFM can be understood as follows [243]:

1. F and M (Profitability)

2. F and R (Loyalty)

3. R and M (Burgeoning)
Accordingly, this is the reason the model is called cascaded RFM. In determining the best segments for
RM, information was gathered from customer purchase history with a target of four categories, which
are Best Customers, Loyal Customers, Almost Lost Customers, and Lost Customers. These segments,

apart from being easy and relevant, also help the retail sector with different strategies for customer

service quality and retention while driving business growth, and are defined as follows.

1. The ones who have purchased recently within 1-30 days, are Active or Best Customers.
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2. Those who have not purchased lately but have been involved in high purchases in the near past

(30-60 days) are Loyal Customers.
3. The ones who have purchased a product within 60-90 days are Almost Lost Customers.
4. Those who have not purchased in 90-120+ days comprise Lost Customers
Table presents the customer categories in tabular form, using the number of days as the key mea-
surement unit.

Table 3.5: The Current Customer Categories

Customer Categories | Time Interval(months/days)

Best Customers 1-30 days (or 1 month)

Loyal Customers 30-60 days (or 1-2 months)

Almost Lost Customers | 60-90 days (or 2-3 months)

Lost Customers 90-120+ days (or 3+ months)

Ullah et al. [244], in their work, state that four significant segments can be used by any organization
to cover their current consumer base. As a result, companies can base all their Recency, Frequency and
Monetary related strategies on these four segments. A quintile method plot, dividing the customers into
four equal segments, was used to determine the thresholds for the Recency and Monetary characteristics.
The different clustering models and techniques, such as RFM, CRFM, Fuzzy C-Means (FCM), CDFCM,
MGGFCM and MDFCM, were used for building clusters and results comparison.

To find the best features for the clustering process, Recency and Monetary are used as the priority
features in this research as opposed to Frequency. This is because the fact that a customer is frequent
at a store does not mean they have made significant purchases. Whereas an infrequent customer
can make fewer but very significant purchases monetary-wise. These features are simple and can be
calculated fast, but they are also meaningful features that provide flexibility for establishing a balance for
proper customer segmentation [245]. Other important point is that these features are what determine
profit for businesses, a customer may have been frequent to the store and made an insignificant number
of purchases this indicates loyalty but not necessarily the benefit criterion. As a result that customer
needs to be separated from a customer that was recently at a store and made a large purchase(s)

or consistently good purchases [200]. Moreover, the incorporation of clustering features alongside the
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defined metrics of Recency and Monetary facilitates a dynamic segmentation approach that evolves over
time. As customer behavior patterns shift, the model adapts by generating updated clusters, thereby
enabling the identification of optimal customer segments based on real-time changes in Recency and
Monetary values. This adaptive capability is particularly important in fast-moving markets, where static

segmentation fails to capture behavioral drift [246].

Hence, integrating clustering algorithms with the cascaded RFM framework yields a number of method-
ological and practical benefits for customer segmentation. Traditional RFM approaches typically rely
on manually defined thresholds or score bins to classify customers, but when clustering techniques such
as CDFCM, MGGFCM and MDFCM are applied to normalized RFM vectors, one can uncover natural,
data-driven groupings that better reflect the intrinsic structure of customer behavior [246] [247]. This
approach enables greater granularity and flexibility in customer segmentation. The resulting clusters
can reveal nuanced subgroups, such as customers with high recency but low spending, or those who
are currently inactive yet historically valuable. Such patterns are often overlooked by rigid or conven-
tional RFM binning methods [248]. Moreover, clustering helps reduce noise and smooth out outliers
by grouping similar customers, improving the robustness of the segmentation. The automated nature
of clustering also enhances scalability, since new customers can be assigned to existing clusters as they

arrive, making the segmentation process dynamic rather than static [249].

Another key advantage is that clustered RFM segments can serve as strong features or inputs for
predictive analytics, such as churn prediction or customer lifetime value (CLV) modeling. In fact,
several studies, [250] [251] [250], in banking and e-commerce, have successfully combined RFM with
unsupervised learning to improve retention and targeting strategies. In addition, clustering results tend
to yield more actionable insights for marketing: different clusters can be tied to tailored strategies, for
example, reactivation campaigns for dormant clusters, loyalty incentives for high-value clusters, thereby

increasing marketing precision and return on investment [252].

In summary, by merging clustering methods with cascaded RFM, one transitions from a static, rule-based
segmentation to a dynamic, insight-driven framework that adapts to evolving customer behavior, reveals
hidden behavioral patterns, and supports more refined and personalized marketing strategies. Table 3.6

shows a summary of CRFM and clustering algorithms implemented in this study [246].
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Table 3.6: The summary table of combining CRFM with clustering algorithms

Features CRFM CDFCM, MGGFCM, MDFCM
Segmentation Type | Rule-based, Static | Data-driven, dynamic
flexibility Low High
Personalization Limited Enhanced
Insights Basic behavior Deeper patterns
Scalability Manual updates Easily automated
Predictive Power Low High (can be used in ML)

3.2.3.5 Maodel Training and Features Selection

Another crucial component of data analytics is the availability of a training dataset for model develop-
ment. In this study, a portion of the customer dataset obtained from a South African retail organiza-
tion—featuring similar attributes as described in Table was utilized. The dataset was partitioned
into 80% for training and 20% for testing (validation), following the commonly adopted 80/20 split rule
[253] [254] [255]. Consequently, 44120 customer records from the original dataset of 55150 entries were
allocated for training purposes. This division enabled the effective training and testing of clustering

models (algorithms), ensuring robust evaluation and generalization of the results.

Furthermore, to process the training data, the K-means algorithm in the training and actual data
processing acts as a primary step, by randomly selecting the centroids for the segments. However, the
initial centroids are used as the starting point for each cluster [256] [257]. While the key clustering
algorithms for the DCS experiments carried out in this study exclude the K-means, it is however a useful
step in determining the number of clusters to use as a start up step, and to assist in training subsequent
clustering models on centroids selections [258] [259] [260]. It is argued that machine learning methods
are strongly sensitive to hyperparameter (user-defined) values that contribute to prediction [261], as the
prediction accuracy can significantly enhance when the optimized hyperparameters are calibrated to the
training procedure. As a result, to reach these goals, the K-means is known for its accuracy in producing
and fine-tuning a quality training dataset, hence it was incorporated in the training data process in this
research [262]. This approach highly improves the performance of subsequent models, which are trained
on the same high-quality data after K-means. Hence, optimizing these algorithms on centroid selection

and tuned hyperparameters.

Subsequently, the initial stages of data processing are illustrated as follows: Figure [3.7]shows the training
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process of the model that was implemented in this research to achieve good and quality clustering for

the dynamic customer segmentation.

Read Training data or customer data
h 4
Normalize dataset
Training Dataset Y
80% 80% Training and 20% Testing
Y
Implement K-means with Training Dataset 20%
Testing Diataszet
Y
Train CDFCM, MDFCM and MGGFCM with
new high quality Training Dataset
Y
Implement Trained CDFCM, MDFCM
and MGGFCM on Test’Actual data
h 4
Evaluate the performance of the
models{accuracy, specificity,
sensitivity)

Figure 3.7: Flow chart of the algorithms training and testing method implemented

Figure shows the proportions of the original customer dataset that was split for the testing and

training datasets to optimize the clustering algorithms.
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Figure 3.8: Original dataset split to Training and Testing dataset

The primary objective of training a clustering algorithm and optimizing its associated parameters within
the context of fuzzy clustering is to enhance the overall performance and effectiveness of the algorithm
[263]. In fuzzy clustering, unlike hard clustering methods where each data point is assigned exclusively
to a single cluster, data points can belong to multiple clusters with varying degrees of membership
[264]. Consequently, the algorithm’s performance is highly dependent on the proper calibration of
parameters such as the fuzzification coefficient, the distance metric, and the convergence criteria. By
systematically training and tuning these parameters, the clustering process can achieve more accurate,
stable, and interpretable results, ensuring that the resulting partitioning better reflects the underlying
structure of the data [263]. Moreover, parameter optimization plays a critical role in balancing the
trade-off between cluster compactness and separation, thereby improving the validity and reliability of

the clustering outcomes [265]:

e Find meaningful, interpretable fuzzy clusters.
e Balance accuracy with computational cost.
e Ensure stable and consistent convergence.
For the purpose of testing, the following parameters were employed. Certain training parameters have

been recommended in the literature to remain constant, including & = 0.05, 5 = 0.2 and v = 0.5 while

only the number of iterations m was varied [266].
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Table 3.7: Algorithm training parameter Values

Algorithm | Parameters Value
CDFCM z z € [2,10]

Q 0.05

I5; 0.2

~y 0.5

T 2

Ercm 0.01
MDFCM o 0.05

z z € [2,10]

€ 0.05
MGGFCM | z z € [2,10]

m m € [2,100]

Furthermore, there are two types of parameters in machine learning models, which are generally hy-
perparameters and model parameters [267]. Hyperparameters are arbitrarily set by the user or through
heuristics even before starting to train the model, whereas the model parameters are learned during the
training. The quality of a predictive model mostly depends on the configuration of its hyperparameters,
but it is often difficult to know how these hyperparameters interact with each other to affect the final
results of the model [268]. To determine accuracy and make a comparison between two or more models,
it is always better to make comparisons with all the clustering models’ parameters tuned, especially the

crucial parameters such as m, which is the fuzziness index [269].

The clustering algorithms (CDFCM, MDFCM and MGGFCM) employed in this study require that the
user set certain clustering parameters. Hence, to ensure fairness in the comparison, we utilized the

initial default parameters of these algorithms as found in the literature [268] [270]. One of the primary



Section 3.2. Dynamic Customer Segmentation Process Page 59

challenges in fuzzy clustering lies in the selection of appropriate algorithmic parameters, particularly
the fuzzifier parameter m, which has a substantial impact on clustering performance. In this study,
we adopt the commonly used default value of m = 2, and set the remaining parameters according to
values frequently cited in the literature [271} 272]. These are treated as initial hyperparameters (i.e.,

user-defined settings) as detailed in Table [3.8]

Table 3.8: Algorithms default parameters

Algorithm | Parameters Definition Value
CDFCM z refer to Table (3.9 2
« refer to Table 5 0.05
B Predefined Th&old 0.2
~ Structure Strength of a Cluster | 0.5
T refer to Table 5 2
Ercm refer to Table[3.9 0.01
MDFCM Q@ refer to Table E 0.05
z refer to Table 5 2
€ refer to Table (3.9 0.05
MGGFCM | z refer to Table ; 2
m refer to Table ; 2

Furthermore, an experiment was conducted to determine how varying the value of m can impact the
results of the model, and as the value of m grew the clustering centers shifted slightly but cluster

assignments remained constant. Consequently, we fixed all the values as shown in Table 3.8

3.2.3.6 The Fuzzy C-means algorithm

In traditional clustering approaches, every input data point is assigned to a single cluster and cannot
belong to multiple clusters; thus, the clusters are mutually exclusive. Consider a data point exhibiting
features similar to many clusters; in traditional clustering, it is necessary to determine the most ap-
propriate cluster for this data point and assign it exclusively to one cluster. The primary distinction
between classical and fuzzy clustering is that in fuzzy clustering, a data point may belong to multiple
clusters simultaneously. Like the traditional c-means model, the fuzzy c-means algorithm also requires

prior knowledge of the number of clusters [I85]. The algorithm is introduced as follows: The objective
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function of the FCM algorithm E is to minimize the fuzzy membership and cluster center X .

C n

> (uij)* (X, Vi), (3.13)
=0 5=0

Step 1: Initialize the memberships w;; of ; belonging to cluster I such that:

(&
i=1
Step 2: Compute the cluster center v; fori =1, 2, ..., c using Equation

1

(m) z—1 o
Ez = % - (d2 (xjvi)) ==l (3.15)

Step 3: Update the fuzzy membership u;; using Equation

= 2 i (ui)* X
Y Y ()

Step 4: Repeat steps 2 and 3 until the value is no longer decreasing.

(3.16)
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Table 3.9: Symbols and Notations Description

Symbol Description

E, The objective function of minimizing within the sum of squared error.

c the amount of clusters.

n The number of observations.

X; The feature vector of observations j, j=1, ..., n.

Vi Cluster centers i; wherei =1...., c.

X Feature vector of the mean of a dataset.

Hij Degree of membership of observations j to clusteri, i=1,....,¢c;j=1, ...,

1/c Index prepared as a result of checking conditions 1 and 2 for new data.
The fuzzifier is to be fixed by the user,

z this process takes a precise or specific input and decides the degree
to which this input belongs to each of several predefined fuzzy sets.

c+1 Creation of a new cluster.

c-1 Elimination of cluster.

o The threshold for checking cluster condition 1.

y predicted data point.

y actual data point.

t time.

n maximum lag of time.

I Is an operator representing Euclidean distance.
Is a dataset.

\ is a vector representing the centre of a fuzzy cluster.

c Cluster(s).

Vxp XB value.

m The fuzziness parameter, usually is set to 2.

€ Stop criterion.

i number of iterations (minimum of 10).

Ercm Error threshold used to determine algorithm convergence.
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Algorithm 2 (Fuzzy C-means algorithm).

Input:
Dataset: initialize partition matrix U
K: number of clusters

m: Fuzziness parameter

Algorithm:

1 Choose random centroid at least 2 and put values to them randomly.

3 Initialize fuzzy membership matrix uij Equation [3.14
4 Calculate the cluster centers(centroids) Equation [3.15
5 Calculate fuzzy centers(proximity of data points to centroids) Equation [3.15
6 Update membership matrix Equation [3.16
7 Repeat until Convergence Equation [3.15
8 De-fuzzification (Optional)

There are shortcomings associated with this algorithm, because it calculates the membership value for

every item in the data, this conventional approach is an iterative one that is time and memory consuming.

The FCM algorithm iteratively minimizes Equation while it updates cluster centers (V;) and mem-

berships ( MU)

An acceptable termination criterion can be the difference between the updated and prior E, being less
than a predetermined minimum threshold or the objective function falling below a particular tolerance
value. Alternatively, the maximum number of iterations can also be used as a termination criterion
[273]. The number of iterations in an algorithm is a critical factor, as it directly affects the algorithm’s
efficiency, accuracy, and computational resource consumption [274]. Hence, selecting an appropriate
number of iterations is essential to achieving optimal performance [275]. When selecting the number of
iterations in numerical algorithms or simulations, it is important to balance computational cost with the
desired level of accuracy. This typically involves monitoring convergence and evaluating the marginal
benefits of additional iteration [276] [277]. Hence, in this research, we employed a minimum threshold

of 10 and a maximum of 100 repetitions (iterations) for all the clustering models.



Section 3.2. Dynamic Customer Segmentation Process Page 63

3.2.3.7 The Crespo’s Dynamic Fuzzy C-means (CDFCM) model

The CDFCM algorithm was introduced by authors in [239] and detailed as follows: For every cycle, ‘m’
new data updates would be determined. Suppose k = n + 1,....., n + m is the index of ‘m’ recent

data updates.

Step 1: To determine recent data updates that have emerged, the distance between each pair of the

existing cluster centers is calculated.

d(vi,vp) Vi#p, pe{l,..., c} (3.17)

Furthermore, compute the distance between the b existing cluster centers, /, and new data k

iy = digs(k, v;).- (3.18)

where i belongs to the set {1,..., c} and k belongs to the set {n + 1, ..., n + m}. Now compute the

membership of the existing cluster centers, i, and new data k

fir k€{n+1,...,n+m} (3.19)

Examine the two subsequent conditions (1 and 2) to determine the difference in the cluster structure.
The first condition determines the new data k with membership values near 1/c. It is impossible to
cluster data satisfying this condition well into existing clusters; therefore, it necessitates the creation of

new clusters, with user-defined « value.

Conditionl:

1
fig——<a Vee{n+1,....n+m},Vie{l,...,c}. (3.20)
c

The second condition determines the updated data, k, that is different from the existing clusters. If the

second condition is satisfied, then new clusters are needed.

Condition2:
- 1
dig — E{d(vi,vp)} VEe{n+1,....n+m}, Vi#pe{l,... c} (3.21)

Depending on the result arising from these two conditions, 1/c index is created for each new data
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1 1 if x fulfills conditions 1 and 2
E(:ck) = . (3.22)
0 otherwise

Observe that 1/c = 1, only if object k cannot be properly categorized by the existing clusters.

n+m
1
If = 0 proceed with Step 3(i), else go back to Step 2. 3.23
k_zﬂ n) (i) (3.23)

Step 2: To identify changes of cluster type, i.e., determination of a new cluster or change in cluster

structure, Equation follows, with user-defined 5 value.

YR T
Zhnt] clew) > [ with parameter 3, 0 < 3 < 1. (3.24)
m

If the amount of recent data observations depicting the changes is above a predefined threshold 3, new
clusters are formed, see Step 3(ii). Otherwise, the existing clusters are then migrated accordingly, see
Step 3(i).

Step 3: This step covers the creation and movement of clusters.

(i.) Movement of relevant clusters

e Activate the FCM model after combining both new and existing observations, resulting in move-

ment of clusters.

e Compute the movement of cluster centers, denoting the recent data and merging them with the
original cluster centers. The function in Equation [3.25] is used to compute the updated data k

assigned for existing clusters .

1 1 object k is assigned to i
Lan) = . (3.25)

C .
0 otherwise

Equations [3.26] [3.27] and [3.28] are subsequently used to identify the new data k assigned for existing

clusters, i, by determining movement of cluster centers denoting the new data and combining them with
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existing cluster centers .

n+m 1 ~
" Zk:n+1 1cz(Xk) (1 - c(Xk)'uik
U,L' —
m 1 ~
Zk:n—i—l (1 - C(Tk)) (Mz‘k)z
Merging the original cluster centers with updated cluster centers, the new cluster centers are computed

by

) for1<i<ec. (3.26)

Such that weight \; represents the proportion updated data k assigned to cluster i

n+m 1 ~
D1 Leo(Xi) (1= sy ik
v — ol (1~ ety . (3.28)

S e (X o 1e(X) (1= ey

(ii.) The formation of new clusters.

To compute the amount of new clusters that should be created, Equations|3.29} loss function L(c), and

3.30, structure strength formula S(c), are utilized.

n+m c

L) = > > (fund?). (3.29)
k=n+1 1=1
The number of clusters c is determined as follows, where ~ is user-defined:
n L(1)
=vlog ( — 1—7)1 — . :
() = () + (1= tog (7)) (330)

The adequate number of clusters is determined by the cluster ¢ with maximum S(c) value.
(iii.) Identify cluster path.

To determine the emergence of cluster structure or trajectory during various cycles, set a counter (cf)
for every cluster i in cycle ¢. If a cluster is created in cycle t — 1, set its counter as (c! = 1). If a cluster

=D 4 ).

is moved in cycle t — 1, set its counter as (cg
(iv.) Eliminate static clusters.

The goal here is to eliminate unchanging clusters that have not received new data updates for a long

period. Therefore, a cluster is discarded if it does not receive new data for T cycles.
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Figure 3.9: Flow chart of the CDFCM algorithm

3.2.3.8 The Modified Dynamic Fuzzy C-means (MDFCM) model

The goal of any dynamic clustering algorithm is to find changes in the cluster structure by the formation,
migration and elimination of clusters. In several practical applications, in particular, DCS necessitates

the implementation of effective dynamic clustering models [278].

The frequently used traditional RFM is considered to have certain limitations, since a true segment means
that customers in each segment must respond differently. This definition indicates that RFM, represented
intuitively in behavioral terms, does not clarify a true segment as follows: behavioural difference versus
responsive difference: the latter closely reflects future results, whilst the former establishes inferred
insights [279]. Behavior is an arbitrary form of data that lacks a measurable reference point for real
segments and a distinction between statistical and visual differences. Intuitive RFM selection hierarchy
focuses on the conventional difference instead of the real difference (derived and learned from data
context) [177] [280]. RFM approach was used as a starting point in this research, Furthermore, this
research explored the requirement and practicality of upgrading this crude method to sophisticated
approaches, and the proposed approach was to create a CRFM as a base model: using data statistical
results rather than intuition-based coding, RFM implementation becomes simple and robust [281].
Hence, it is difficult to use it in solving the DCS problem. Therefore, we implemented a semi-dynamic
or semi-automatic model, by dynamically refreshing new data updates from the traditional RFM to the

proposed CRFM, and afterwards employing clustering algorithms.

Similarly, CDFCM is one of the algorithms proposed in research studies for the DCS objective. How-
ever, the CDFCM has certain shortcomings associated with it. Hence, in their study, Munusamy and

Murugesan proposed a new model called MDFCM [49]. The CDFCM cannot be directly employed for
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the DCS in the real world, recent research suggests that the drawback of this algorithm is a problem,
as it performs poorly when it is applied to practical solutions [282]. Crespo and Weber initially intro-
duced the CDFCM for DCS objectives [283], and it is argued that this clustering algorithm was never
fully employed for a practical solution. Furthermore, the CDFCM also suffers from manual intervention
concerning; firstly, the threshold used to identify creation, movement and elimination of clusters, and

secondly, the manual definition of the total number of cycles.

As a result, recent research proposed the MDFCM for the DCS objective, MDFCM algorithm can be
used to find the changes in the cluster structure effectively. The MDFCM clustering algorithm uses
the XB index to track the changes in the cluster structure. Hence, it removes the manual intervention
required for the CDFCM. Consequently, the MDFCM still utilizes the CDFCM but introduces XB index

to identify the cluster changes [49].

In the initial phase, the FCM clustering algorithm is applied to the original dataset to compute the
initial cluster centroids and the associated membership degrees for each data point. Once the initial
clustering model is established, the MDFCM algorithm is adapted to handle new incoming data by
updating the existing centroids and membership values incrementally. This approach allows the model
to accommodate dynamic data streams or batch updates without requiring a complete re-execution of

the clustering process, thereby improving computational efficiency while maintaining clustering accuracy.
(i.) Initial dataset

The initial dataset X; is clustered using the FCM algorithm. Its cluster centers and membership values

are stored to cluster the subsequent new data updates.
(ii.) New data updates

The new data updates X, are clustered by the MDFCM algorithm. The convergence criteria enhanced
Fuzzy C-means clustering (EFCM) and the parameter « are fixed by the user. The fixing of parameter
«, which is user-defined, implies Condition 1, which identifies the new data k that has its membership
values close to 1/c. The data that satisfy the condition cannot be clustered well into existing clusters;
therefore, it requires the creation of new clusters. Following Step (i.), which involves the initialization of
the dataset, the subsequent data processing to incorporate new updates is illustrated in Figure[3.10] This
stage utilizes the Modified Dynamic Fuzzy C-Means (MDFCM) clustering algorithm to dynamically adapt

to changes in the dataset over time. Key parameters for the MDFCM algorithm include the fuzziness



Section 3.2. Dynamic Customer Segmentation Process Page 68

coefficient m, typically set to 2 to balance hard and fuzzy clustering; the convergence threshold ¢, which
was set to 0.001 to ensure stability; and the maximum number of iterations, fixed at 100 to control
computational complexity. Additionally, the algorithm incorporates a forgetting factor to manage the

influence of older data points, enabling effective adaptation to new incoming data.

New data update(m)

Check conditions 1& 2

1 Yes Condition 2 satisfied

No change in

g Movement of clusters(c) cluster(s)

b. Creation of clusters{c+1)

Calculate IB-mdex for

Among the alternatives a, b and g the
one with maximum XB-index is
selected

!

Identify Trajectories

|

Maximum Iterations reached N

F

Figure 3.10: Flow chart of the MDFCM algorithm

Legend: a = Elimination of Cluster(s), b = Creation of new Cluster(s), g = Movement of Cluster(s).
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3.2.3.9 The Modified Gath-Geva Fuzzy Clustering (MGGFCM) model

Two widely used techniques in fuzzy modeling are the Gustafson-Kessel algorithm and the fuzzy C-means
algorithm [284]. However, both methods exhibit two major limitations. First, they are only effective
in detecting clusters of approximately equal volume, which can be difficult to achieve in real-world
applications. Second, they introduce decomposition errors when projecting onto input values, as the

resulting clusters are typically oblique to the coordinate axes rather than aligned with them.

To address these shortcomings, this study employs a modified version of the Geth-Geva algorithm [285].
The close relationship between fuzzy clustering techniques and probabilistic models further supports the
potential for enhancing fuzzy methodologies through probabilistic approaches [286]. The Modified Geth-
Geva Fuzzy Clustering Method (MGGFCM) belongs to the class of objective function-based clustering

algorithms, which evaluate the quality of clustering based on how well the model fits the data [287].

The Gath—Geva (GG) clustering algorithm is presented in Equation [3.31] It is based on the minimization
of the sum of weighted squared distances between the data points z; and the cluster centers, v; i =1,...,c.
The objective function based on the minimization of the sum of weighted squared distances between

data points and clusters is described in the following Equation [3.31]

C n
J(Z,UV)=> > ufiDiy. (3.31)
i=1 j=1
where V' = [v1, . . ., v.] contains the cluster centers and m € (1,00) is a weighting exponent that

determines the fuzziness of the resulting clusters, and it is often chosen as m = 2. The fuzzy partition

matrix has to satisfy the following conditions:

pix € [0, 1]; Zm,k: . (3.32)

Equation is used to optimize the objective function (Equation [3.31)), the minimum of U and V is

calculated as follows:

Hij = 2 - (333)
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N .\ Mzk
.= —ijvl (1135) — (3.34)
> k=1 (Hij)
The Gaussian function is : N
g — oy )2
Uz'Qj _ Zk:l ﬂzg]\gwjk U]k) . (335)
> k=1 Hik
difference between the ith cluster and the kth data is computed as below:
1 (in — v::)2 1 _ o5 \T _
H Shey Mk exp [ -1 (1jk 2%) . exp (yk — Ur) g?/k o)\ (3.36)
Dij, N,/2 2 oy 2 20°
j=1 7TU ] 2mo} {
now that we have the input X, output y and fuzzy partition matrix U is illustrated as follows.
Xy vi pr 0 -0
xT yT 0 . 0
x= |y P x| (3.37)
ReY YN [0 0 - N
appending a unit column to X yields the enhanced matrix Xe
X.o=[x 1] (3.38)
Then
0= [xI U, | XUy (3.39)
N
e B with g e0,1] Vig; ZM =1, Yk > pir <N, Vi (3.40)

=1

The minimum of (50) is sought by the alternating optimization method given below:

Initialization Given a set of data Z specify ¢, choose the weighting exponent m > 1 and the termination

tolerance > 0. Initialize the partition matrix such that Equation conditions are met.

The following is a summary of the steps involved in creating a fuzzy model using the Modified Geth-Geva

clustering algorithm:
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Algorithm 3 (The Modified Geth-Geva Clustering algorithm).

Input:

Dataset: Data set Z

Number of clusters 1 < ¢ <N
The weighting exponent m > 1

Termination tolerance € > 0

Algorithm:

1  Start

2  Choose the number of fuzzy rules, the weight exponent, and the stop criterion is greater than zero
3 Generate the matrix U randomly. Equation [3.32| conditions must be met.
4 Compute the parameters of the model. Equations [3.34]{[3.35| and [3.37
5  Calculate the morm of the distance Equation [3.36
6  Update the matrix U Equation [3.33
7 IF Criterion is met Then Stop

8  Else Compute the parameters of the model(go to Step 3)

9 Stop

10 OQOutput:

11 K clusters segmenting customer database

3.2.4 Model Evaluation Metrics

Performance metrics (error measurements) are essential elements of evaluation frameworks across several
domains. A performance metric is a logical and mathematical construct intended to assess the proximity
of actual results to expected or predicted outcomes. A wide array of performance metrics has been
delineated in scholarly literature. The most frequently cited metrics in research studies include Silhouette

Scores, Xie-Beni Index and Root Mean Squared Error (RMSE) among others [288].

This study used standard metrics to evaluate the performance of the clustering models considered. The

metrics are described as follows:



Section 3.2. Dynamic Customer Segmentation Process Page 72

3.2.4.1 Silhouette Coefficient

The silhouette coefficient is an effective method to determine the number of fuzzy clusters using both
membership values and geometric distance [289]. The coefficient is the ratio of intra-cluster compact-
ness to inter-cluster separation. Consequently, reducing the coefficient value yields superior clustering
outcomes. The Silhouette score is computed for the obtained clusters, assessing the degree of separa-
tion or distinctiveness among them. It exists within the interval [0, 1]. A score close to +1 indicates
that objects (customers) are distanced from neighbouring clusters, this indicates well-separated clusters,
where data points are much closer to their cluster centroids than to those of other clusters. A silhouette
value closer to 0 signifies improper clustering of objects, this means low cohesion in customer clusters.
Let K be the number of clusters; Silhouette values are evaluated for K = 2 or K number of clusters
to determine the optimal clustering configuration based on values of K = 1..n. After the analysis, we

juxtapose the recency of the sale with the sales volume.

b—a
= 41
% max(b — a) (3.41)

Where a = mean intra-cluster distance, and b = mean nearest-cluster distance for each cluster.

3.2.4.2 XIE-BENI (XB) Index

Xie and Beni introduced the Xie-Beni (XB) index method in 1991 [290]. XB index is focused on
separation and compactness. Separation is a measure of the distance between one cluster and another
cluster, and compactness is a measure of the proximity between data points in a cluster. According to
this method, the optimal cluster is the one with the smallest XB value (VXB). Equation represents

the mathematical expression for its computation:

2
ZZ 12] 1/’%] HUZ UJH

2
nming ;y lvi — vj|

Vb = (3.42)

3.2.4.3 Root Mean Square Error

The root mean square error (RMSE) is a typical statistic employed in model evaluation [291]. For a

sample of n observations y (y;, i = 1, 2,..., n) and n, where ¢ is the prediction of the corresponding
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model (i.e., predicted values), the RMSE is shown in Equation [3.43]

R o PRy

RMSE - ;(yl )2 (3.43)
The Root Mean Square Relative Error (RMSE) serves as a metric for assessing prediction accuracy. A
low RMSE indicates that the projected data aligns well with the actual data. The RMSE has been
used as a standard statistical metric to measure model performance in meteorology, air quality, climate
research studies, and to assess the performance of predictive models in customer segmentation tasks
[291] [292] [293]. Hence, making it a preferred method for model evaluation [5I]. The underlying
assumption when presenting the RMSE is that the errors are unbiased and follow a normal distribution.

Thus, using the RMSE helps to provide a complete picture of the error distribution.

The RMSE statistic provides information about the short-term performance of a model by allowing a
term-by-term comparison of the actual difference between the estimated and the measured value [294].
The smaller the value, the better the model's performance. A drawback of this test is that a few large
errors in the sum may produce a significant increase in RMSE [295] [291]. In addition, the test does

not differentiate between underestimation and overestimation.

3.3 Chapter Summary

The discussion in this chapter presents a general overview of the methodology for the Dynamic Customer
Segmentation task in the retail sector, which utilizes clustering models and methods to group customers
with similar purchasing characteristics. This methodology consists of the steps and approach for creating
the customer clusters from the transaction records, evaluation metrics, and tools utilized in development.
This methodology was broken up into two sections, collectively evaluating the following four major

factors, which include:

1. The RFM analysis.
2. The creation of the CRFM from the traditional RFM.

3. The thorough description of the clustering algorithms for the DCS solution namely the CDFCM,
MGGFCM, and MDFCM.
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4. Lastly, evaluation metrics for the results obtained for each clustering algorithm.



Chapter 4

RESULTS AND DISCUSSION

To establish the reliability or effectiveness of the proposed dynamic customer segmentation in the retail
sector, experimental results are presented in this chapter. The results and discussions section is made
up of three components. The first component is the creation of the traditional RFM model as the base
model upon which we base the CRFM model implemented in this study, and the K-means algorithm
functionality, referred to as the elbow method, to decide on the number of clusters to use for the
customer dataset. The second component employs the CDFCM, MGGFCM, and MDFCM clustering
algorithms to achieve the dynamic customer segmentation process from the retail dataset. Lastly,
evaluation metrics such as Silhouette Score, XB-Index, and RMSE were used to evaluate and measure
the correctness of each clustering algorithm on the customer dataset for the four segments, and the
respective performances of the clustering algorithms. Thus, this chapter covers the three main clustering
algorithms and evaluates their suitability, feasibility, accuracy and performance. The Modified Dynamic

Fuzzy C-Means (MDFCM) was observed to perform better in terms of accuracy and reliability.

4.1 Data Analysis and Results

4.1.1 Experimental Setup

The experiment was conducted using a desktop computer with an Intel(R) Celeron(R) processor of
N4020 CPU @ 1.10GHz 1.10 GHz, RAM of 12.0 GB (11.8 GB usable) and a 64-bit operating system,

x64-based processor. The data was analysed in a Jupyter notebook using Python. The resultant dataset

75
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is made up of (a pseudo) customer identification number, recency of trade, frequency of trade, and
monetary value. The data analysis was performed using CDFCM, MGGCM and MDFCM clustering

algorithms, and customer data is anonymized due to ethical and privacy reasons.

4.1.2 Selecting number of Customer Segments using K-means Elbow Technique

To process the training data and test data, it is mandatory to determine the value of K. Furthermore, to
train the clustering algorithms, a sample of the customer data was extracted from the original customer
transactional dataset. The structure of the dataset is shown in Table of Section Bl The K-means
algorithm acts as an initial and primary step to fine-tune and enhance the training dataset to high-quality
data. This data is then used by subsequent clustering models employed in this study [296] [297]. Hence,
model training is necessary in order to assist in optimizing centroid selection by the subsequent CDFCM,
MDFCM, and MGGFCM clustering algorithms. Furthermore, several iterations must be defined as a
termination criteria for the algorithm, this helps to recalculate and optimize the positions of the cluster

centroids at runtime [298], this is referred to as termination criteria for the algorithm.

Moreover, the number of clusters (K) to form for the DCS experiment was determined using the Elbow
Technique, and it yielded the results as shown in Figure [4.1] The x-axis on the illustrated figure is the
number of clusters that can potentially be created from the customer dataset for both training and
testing purposes. The line graph indicates the maximum number of clusters that can be better fitted
from the customer transactional dataset. The turning point (or elbow bend) on the graph shows the
most optimal number of clusters for the customer transactional dataset, in this case, the value of K =

4.

Consequently, even though we could have up to 10 clusters for the customer data, four of them were
the most optimal. As a result, the elbow point indicates that adding more clusters (beyond this point)

will yield diminishing returns.



Section 4.1. Data Analysis and Results Page 77

=== ghow at k -]

7000

6000

5000

4000

Cluster Label

.

‘“m____*
-—_.

‘——._.‘___’_ &

6 8 10
K=Clusters

h -

Figure 4.1: The Elbow method with k=4 number of optimal clusters

This study conducted an extra validation on the number of clusters to use by evaluating the Silhouette
score of the clusters. The results shown by the second Elbow method in Figure have a Silhouette
score of 0.612 and attest to the value of K =4 to use as a baseline number of clusters. The Silhouette
score value in this instance is used to indicate how well the clusters are separated. This means that,
based on the characteristics of the customer transactional data, a proper DCS can be carried out using

four clusters (customer groups) as initially suggested by the prior method.
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Figure 4.2: Silhouette Scores vs Number of Clusters

4.1.3 Creating RFM Clustering Model

e The RFM Processing Results

The first step in building an RFM model is to determine and assign Recency, Frequency, and Monetary
values for each customer using customer transactional data from fifty five thousand one hundred and
fifty (55150) customer records that were collected from an undisclosed retail organization based in South
Africa (see Table for reference). The customer data is within a 6-month period ranging from May
2023 to October 2023. The RFM variables were formed using the following Equations 3.1} 3.2 and [3.3]
from Section An extra pseudo PersonlD (CustomerID) variable was incorporated to group each
customer RFM values. Table shows the RFM variables results, this is a non-normalized dataset of

the combination of the RFM values evaluated per customer.
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Table 4.1: The Non-Normalized RFM Customer transactions

CustomerlID | Recency | Frequency | Monetary
015701 27 2 652.19
141233 90 1 143.48
151355 7 1 29.57

Moreover, we initiated a second step in the process that involved the calculation of an RFM score (by
concatenating R_Quartile + F_Quartile + M _Qaurtile values as shown in Equation [3.4] from section
for each customer, the values for R_Quartile (RQ) + F_Quartile (FQ) + M _Qaurtile (MQ) are
computed using Equations [3.5] and . Consequently, based on the RFM Score a customer is
assigned to a relevant cluster using the indicators as described in Table of Section [3| Furthermore,

Table shows an RFM score for each customer and their quartile values [299].

A combination number of 444 signifies the best or highest value customer, and 111 is the lowest or

worst value customer, etc.

Table 4.2: Customer RFM Scores

Customer ID | R | F M RQ | FQ | MQ | RFM Score
413788 15 |2 | 1208.71 | 4 4 4 444
413888 27 | 2 | 65219 |3 4 4 344
413888 27 | 2 | 65219 |3 4 4 344
414557 90 | 1 | 143.48 1 1 1 111
416142 7 | 1] 2957 4 1 1 411
416215 12 |1 | 84.34 4 4 3 443

A single customer may possess multiple loyalty or benefit cards, depending on their status. For example,
whether they are a staff member or a regular customer. In such cases, an individual may hold both a
standard loyalty card, which is issued to all customers, and a staff discount card, which forms part of the
loyalty program specifically for employees. Additional related loyalty program cards may also be issued
as applicable. In the database, all purchase transactions linked to customer loyalty cards are associated
with a unique customer ID, enabling comprehensive tracking of purchase behavior for each individual.

Figure [3.5] in Section [3] illustrates the relationship between customers, products, and sales.

Now that we had an RFM score for each customer, we represented our customer segmentation by
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evaluating the degree of the RFM score; in this case, four segments were created based on the RFM

Score, ranging from 1 to 4, as shown in Table [4.2]

An RQ value = 4 signifies the best and most recent purchase and an FQ value = 4 signifies most
quantity purchase and an MQ value = 4 signifies customers who spent the largest amounts. Using
this method we can further determine the number of customers we have in each segment, and get a
general customer distribution of the created segments for further study. By using an RFM score, the
list of segments includes Best Customers, Loyal Customers, and Big Spenders. Furthermore, an RFM
score of 412+ indicates Best Customers, an FQ value of 4 indicates Loyal Customers, an MQ value of

4 indicates Big Spenders.

The original dataset contains customer information such as Loyalty card; this variable is used to track
purchases against each customer. This implies that organizations with such customer information know
who the customers are and how to reach out to them. The personal data of a customer includes
address, location, contact information, etc, which is not revealed in this research for ethical reasons. We
measured the RFM values using the number of days unit of measure (UoM). Consequently, what UoM

to use is usually decided by the business based on their marketing goals and business interests, etc.

Table is the statistical description of customer transaction purchases, showing the general purchase

distribution of customer R, F and M values in different quartiles.

Table 4.3: The statistical summary of Customer RFM values

Features | Recency | Frequency Monetary
Count 23498 23498 23.49800e+04
Mean 46.434888 | 1.214146 8.031142e+02
Std 30.253542 | 0.860001 1.011071e-02
Min 0.000000 | 1.000000 1.011071e+-02
25% 20.00000 | 1.000000 3.390000e+01
50% 44.00000 | 1.000000 7.825000e+01
75% 72.00000 | 1.000000 1.773600e+-02
Max 99.00000 | 100.000000 | 1.549880e+07

As shown in Table the average customer recency is approximately 46 days. Indicating that, on

average, customers made a purchase of Nivea products within the past 46 days. The average monetary
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value spent is 804.37 ZAR, with recency values ranging from 1 to 99 days. Furthermore, we noted
the average Recency, Frequency and Monetary values of customers on the different group quartiles
(divide data into 4 equal segments, denoted by 25%, 50% , 75% and above). For example, the
first group of customers have an average Recency of approximately 20 days, and spent an average
amount of approximately 101.10 ZAR to 339.00 ZAR, amounts spent by most customers generally lies
between 101.10 ZAR to R15497197.60 ZAR. Furthermore, it is important to note that, in some cases,
higher Recency values, typically considered an unfavorable condition, are associated with larger purchase
amounts. We assume that these higher spending instances may be attributed to big spenders, seasonal

or promotional buyers, or possibly wholesale purchases involving larger transaction values.

We noted that Recency is higher, lying between 20 - 99 days on average. Customer value analysis
suggests that higher Recency is a bad behavior for customers [300]. The frequency is also notably
low, which is an unfavorable condition; a value of 1 is consistently observed across various percentiles.
A higher Frequency indicates that customers are making purchases more often, which is generally a
strong indicator of customer loyalty. To further determine the value (significant vs. insignificant) of the
purchases we can incorporate Monetary attribute of that specific customer, alongside other customer
variables (F and R). Furthermore, we noted higher Monetary values, this is a good condition, because
it implies increased revenue for the business. Consequently we primarily focused on two variables the
RM of the RFM, these variables cover both significant and insignificant purchases by customers, and

organization growth.

4.1.4 Data Normalization

In order to put the fields into comparable scales and to guarantee that fields with larger values do not
determine the solution, in this research, min-max approach was used which recalled and recreated all
customer data record values in the range [0 - 1]. Equations and from Section |3| were used
for customer transactional data Normalization. The normalized data is then denoted by using weighted

values as follows: W,., Wy, and W, [301] [302]. The results are shown in Table [4.4]
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Table 4.4: The normalized customer RFM dataset

CustomerlD W, W; Wi

0.000000e+-00 | 0.151515 | 0.010101 | 0.000078

1.000329e-07 | 0.272727 | 0.010101 | 0.000021

7.692528e-07 | 0.909091 | 0.000000 | 0.000009

2.354774e-06 | 0.070707 | 0.000000 | 0.000002

2.427798e-06 | 0.121212 | 0.000000 | 0.000005

4.1.5 Cascaded Recency Frequency and Monetary (CRFM)

(a.) RFM Permutations (CRFM)

In this research, traditional RFM was cascaded to form CRFM as detailed in Section of " Design
and Methodology”. Furthermore, a personlD attribute is used to link all customer loyalty card purchases
on different sales platforms, such as over-the-counter or in-store purchases, etc. Some customers have
a staff member discount (staff discount loyalty card) or a normal loyalty card; all transactions were
amalgamated and centralized into one customer transactional database. Figure from Section

shows the relational database of the customer transactional information.

Tables[4.5 and show the results of the cascaded versions of the customer transactional dataset.

Table 4.5: Cascaded RFM table: Recency and Frequency

CustomerID | Recency | Frequency

015701 27 2

141233 90 1

151355 7 1




Section 4.1. Data Analysis and Results Page 83

Table 4.6: Cascaded RFM table: Frequency and Monetary

CustomerID | Frequency | Monetary

015701 2 652.19
141233 1 143.48
151355 7 29.57

Table 4.7: Cascaded RFM table: Recency and Monetary

CustomerID | Recency | Monetary

015701 27 652.19
141233 90 143.48
151355 1 29.57

Similar to traditional RFM Table , we made notes and observations about the CRFM. For example, we
observed four quartiles with equal ranges of the percentile, such as 25%, 50%, 75% and MAX (100%).
Hence, creating four sub customer groups in ranges 0-25%, 25-50%, 50-75%, and 75-100%, percentiles
are the percentages of values that fall below or at a certain number range. The numbers show that
20-25 percent of the customers have been to the store recently and spent an amount of 101.10 ZAR to

339 ZAR, as shown in Table[4.3] Similar patterns can be observed for 50%, 75% percentiles and more.
(b.) Shortcomings of the Traditional RFM

The traditional RFM segmentation is known to include manual steps and is less efficient [303]. Hence,
the clustering techniques implemented in this research seek to expand on these limitations. However,
it forms the basis for clustering algorithms implemented in this research. The resultant CRFM and the

clustering algorithms implemented are meant to improve on the traditional RFM method.

Furthermore, the assigning of customers to different segments based on the RFM Score is referred to
as the customer quintile or quartile method [11] [304]. This method is limited to expansion and does
not adequately cater for the creation of new segments and depletion of segments that are no longer
beneficial, etc. In particular, it is limited between 4 - 5 segments depending on whether one is using

quartiles or quintiles [305]. This approach suggests customers will always behave in a similar trend
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and several clusters will always be a constant value, which alleviates the fact that the value of K is

determined by customer behavior over time, a non-fixed K-value depicts a real-world scenario [306].

A proper DCS must allow the value of K to be dependent on the behaviour of customers. Another
shortcoming is related to the issue with the degree of membership, the traditional approach behaves in
such a way that customers are only assigned to one segment. In reality, a customer can simultaneously
belong to one or more segments. The "When” RFM statements below are a value-based depiction of
variable-based explanation given in Table[3.4]of Section[3] showing the value-combination of a traditional
RFM customer segmentation equations, Where * is a placeholder for different values of R-F-M score

(i.e. 4,3,2and 1).

When RF Mgcore equals '444' then assign category 1-Best Customers

When RF Mg.ore equals '*4*' then assign category 2-Loyal Customers

When RF Mg.ore equals '**4’, then assign category 3-Big Spenders

When RF Mgcore €quals 244", then assign category 4-Almost Lost

When RF Mgcore equals '144°, then assign category 5-Lost Customers

When RF Mgcore equals '111°, then assign category 6-Lost Cheap Customers

It is important to note that, when applying the customer quintile method, the segmentation often results
in the formation of only four or five customer groups, despite the presence of six distinct clusters as
identified by the WHEN equations shown. This discrepancy highlights a key limitation of the quintile-
based approach: its reliance on fixed thresholds can oversimplify complex customer behavior and fail to
reflect the true structure of the data. As a result, meaningful patterns and customer subgroups may be
overlooked, which can negatively impact the effectiveness of targeted marketing strategies and customer

relationship management efforts.

In contrast, unsupervised learning techniques, such as fuzzy clustering and dynamic fuzzy C-means algo-
rithms, have been shown to produce more accurate and granular segmentation by identifying naturally
occurring patterns within the data [168]. These data-driven approaches are particularly effective in
dynamic environments where customer behavior evolves over time, enabling businesses to make more

informed and adaptive strategic decisions [42] [41].
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4.1.6 Modified Dynamic Fuzzy C-means (MDFCM)

Figure[4.3shows a non normalized RM data distribution model of customers in 4 clusters with a Recency
of 0 to (-+) 35 days. This reveals a high concentration on 2 clusters that are Loyal and Best customers.
It can be observed from the plot that we have Best Customers (with few outlier data points) on the
positive side of Recency. We also observed several Loyal Customers on the lower positive side of Recency,
scattered around the margins of 0 to 15 days. There is also a trend noticeable on the far negative side;
these can be false negatives, or else these customers need to be resuscitated to thrive again. The

amounts spent by most customers are averaging an amount(s) of 500 - 7500 ZAR.
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Figure 4.3: Linear Recency (raw) vs Monetary (raw) (k=4) four segments

Legend: 0 = Best Customers, 1 = Loyal Customers, 2 = Almost Lost Customers, 3 = Lost Customers.

Figure shows a normalized customer Recency and Monetary data distribution for four clusters.
We observed a well-distributed customer plot with more customers concentrated on the second segment
(Loyal Customers) with lower Recency and positive Monetary values. Best customers show a very
low distribution on the plot with relatively high Monetary values, but bad Recency. The response
rate (Recency) of Almost Lost Customers is very low (good condition). However, we observed several
insignificant purchases made. Furthermore, we observed that Loyal customers have an average response
rate of 0 to 75 (i.e. 0 - 0.75), and that the lower the response, the higher the purchase made. These
are significant purchases; there are a number of factors that can contribute to such observation, such

as change of seasons, specials, discounts, etc. A good marketing approach in this instance could be to
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motivate these customers (via discounts, promotions etc.) as seen fit by marketers. We also observed
Lost Customers as well, who are falling on the negative margin of the customer distribution spectrum;

these customers need attention through devising marketing campaigns that best suit their needs.
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Figure 4.4: MDFCM Customer Recency (scaled) vs Monetary (scaled)

Legend: 0 = Best Customers, 1 = Loyal Customers , 2 = Almost Lost Customers, 3 = Long Lost

Customers

Figure presents the distribution of customers based on Recency and Frequency metrics. A high
concentration of loyal customers is observed within a recency range of 0 to 55 days. The Frequency
distribution indicates that most purchases occurred within 0 to 20 days, reflecting relatively low purchase
Frequency and higher Recency, which are typically considered unfavorable conditions. Nevertheless,
approximately half of the loyal customers made significant purchases, with transaction amounts ranging
from 1000 ZAR to 7500 ZAR. Furthermore, the best customers are primarily concentrated within the 0
to 20-day Recency interval. We further observe Almost Lost Customers and Lost Customers segments
showing on the negative margins of the customer distribution with negative Frequency values (disloyal
condition) and low to negative Recency. These customers can be targeted with appropriate marketing

campaigns.
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Figure 4.5: MDFCM Customer Recency (raw) vs Frequency (raw)

Legend: 0 = Loyal Customers, 1 = Best Customers , 2 = Almost Lost Customers, 3 = Lost Customers

Figure show Frequency and Monetary customer distribution, we observed a high concentration
of Best Customers between 0 to 40 days purchases, these customer generally spend amounts of up
to approximately 2300 ZAR. Furthermore, we observed a smaller concentration of Best Customer with
very low Monetary values and low Frequency. A large distribution of Almost Lost Customers and Lost
Customers is observable on the plot, falling on the negative margin of the customer plot with negative

Monetary values and negative Frequency. A notable significant number of Lost Customers is observable
as well, indicated by negative Frequency and Monetary values.
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Figure 4.6: MDFCM Customer Frequency (raw) vs Monetary (raw)

Legend: 0 = Best Customers, 1 = Loyal Customers, 3 = Almost Lost Customers, 4 = Lost Customers,
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Figures[4.4} [4.5) and [4.6] presented in this section show the related cascaded RFM customer distribution.
This primary focus of this research was the Recency and Monetary variables (Organizational Growth
through proper marketing campaigns) as explained in Section . This combination is a straightfor-
ward and easily understood approach to determining the value of customers and to drive organizational
growth. We posit that frequent customer visits (purchases) do not necessarily mean higher-value pur-
chases. Hence, we looked at the customer response rate (Recency) and company revenue (Monetary)
as key determinants. This research concludes that this is a key aspect to focus on, as it underpins

company revenue contributions and further contributes to the growth of the business.

4.1.7 Crespo’s Dynamic Fuzzy C-means (CDFCM)

This process utilized the CRFM dataset, comprising four clusters applied within the CDFCM framework.
Figure[4.7]illustrates the Recency and Monetary dimensions, where the focal point of the customer dis-
tribution corresponds to the multicolored cluster located in the bottom-left region of the customer plots,
as shown in Figure[4.7] The outer clusters shown in the same figure were created by the first 3 iterations
of the CDFCM algorithms. The four bottom left clusters were formed through data convergence criteria
determined by the number of iterations until convergence, so they can properly segment customers. The
highly concentrated clusters are the Best (black spectrum) and Loyal (light blue spectrum) clusters.
These customers are distributed between 0 to -450 days (i.e. 0 to approximately 0.5 days margin) of
Recency with expenditure amounts of up to approximately (0.85 ZAR) 8500 ZAR. Furthermore, we
observed Almost Lost Customers falling on the negative margin of the customer distribution (Purple
spectrum). These customers showed a non-motivated buyer behaviour with negative Recency, this was
possibly customers who did not make any recent purchases but made high monetary value purchases in
the near past. No lost customers were identified in the analysis; however, this outcome may represent
a false negative. Typically, lost customers are characterized by high Recency values and low Monetary
spending, suggesting that their absence in the results may be due to limitations in the data or the

identification criteria.
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Figure 4.7: CDFCM customer cluster distribution Recency (scaled) vs Monetary (scaled).

Legend: Light Blue = Loyal Customers, Black = Best Customers, Purple = Almost Lost Customers,

Not Applicable = Lost Customers.

Figure[4.8]shows the Recency and Frequency distribution of customers. We noted a higher distribution
of customers with Recency in between (0 - 0.2) -20 days, and a Frequency between (0 to 0.2) 0-20 days.
We also noted a smaller portion of customers in the interval between 20 to 30-day Recency margin,
which constituted Loyal Customers (and a few outliers) with possibly linear amounts of expenditure. A
small distribution of Best Customers is also visible. We observed a decent population of Almost Lost
Customers with negative Frequency values lying below the 0 margin. A larger group of customers could
getting lost as observed by negative frequency values and a new cluster could potentially emerge or a
shift in the existing clusters could occur. As we noted an extra cluster created from 4 to 5 clusters
(depicted by different colour codes on the customer plot). These two new clusters indicate a different
behavior of customers with relatively high amounts of Frequency and Recency values. Hence, these
could be Big Spenders or long lost customers. This is a good depiction of creation, movement, and

omission of clusters based on customer buying tendencies.
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Figure 4.8: CDFCM customer cluster distribution Frequency (scaled) vs Recency (scaled).

Legend: Maroon = Loyal Customers, Coral(Pink) = Best Customers, Yellow = Almost Lost, Orange,

Black and Dark Blue = Big Spenders.

Figure shows a Frequency and Monetary customer distribution, with higher concentration of
frequent customers lying below (0.3) approximately 30 days and spending amounts of less that approx-
imately (0.5) 5000 ZAR. We noted a decent number of the population of Loyal Customers showing
negative Monetary values and low Frequency (Loyalty) this could be related to insignificant purchases.
A higher concentration of Best Customers is also observable with low Frequency and high Monetary
values, these can be Best or Big Spender customers depending on the Frequency margin. There is quite
a few outliers with higher Frequency (disloyalty) and low Monetary values, this could be related to the
emerging cluster of Almost Lost Customers. Consequently, a new trend of yellow with orange edges
behaviour is emerging in the clusters, which shows a new trend of low concentration of Almost Lost

Customer. There is no indication of Lost Customers on the customer plot.
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Figure 4.9: CDFCM customer cluster distribution Frequency (scaled) vs Monetary (scaled).

Legend: Yellow = Loyal Customers, Black = Best Customers, Orange = Almost Lost Customers, Not

Applicable = Lost Customers.

4.1.8 Modified Gath-Geva Fuzzy Clustering (MGGFCM) Model

Figure shows results for Frequency and Recency combination computed using the MGGFCM
clustering algorithm. We observed that a high number of frequent visits is concentrated between 0-10
days for most customers that bought the Nivea products. Higher Frequency and lower Recency indicates
a benefits scenario for businesses. The Frequency variable is used to measure the number of purchases

(Demand) and Recency is used to measure number of days since last purchase (Loyalty).
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Figure 4.10: MGGFCM Customer Frequency (raw) vs Recency (raw)

Legend: 0 = Best Customers, 1 = Loyal Customers, 2 = Almost Lost Customers, 3 = Lost Customers

Figure presents the DCS distribution for the Frequency and Monetary. Frequent customers are
mainly concentrated up to 20 days (less than a month). We observed that there was a customer purchase
trend growth for product(s), meaning increased demand. Hence, customers that seem to have been lost
and inactive were reappearing and started to make purchases, this motivation could be attributed to

various reasons such as promotions or seasonal buyers.
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Figure 4.11: MGGFCM Customer Frequency (raw) vs Monetary (raw)

Legend: 0 = Best Customers, 1 = Loyal Customers, 2 = Almost Lost Customers, 3 = Lost Customers

In Figure[4.12)we observed a decent asymmetric cohesion of customers with recent visits concentrated in
between 0-0.1 days (approximately 0 to 10 days) for the Recency and Monetary values. This showed
that in most clusters half the population made positive purchases while other half indicated negative
Monetary values. Furthermore, this showed that most of the customers were in cluster 3 (Almost Lost
Customers) and that these customers made purchases in the near past, however insignificant purchases.
The same behaviour could be observed for other clusters, that across all clusters there was significant
and insignificant purchases. There was no notable or apparent reason behind this observable trend
except that it could also be due to monthly promotions and the general value of the purchases made by

customers.
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Figure 4.12: MGGFCM Customer Recency (scaled) vs Monetary (scaled)

Legend: 0 = Best Customers, 1 = Loyal Customers, 2 = Almost Lost Customers, 3 = Lost Customers

The objective function of a Modified Gath-Geva model was used to evaluate how the clusters of the
cascaded data model performed relative to each other, results are shown in Table[4.8|for all the objective
function values. We observed that there was a high correlation (lower objective function) for RM and
FM. A high correlation means high intra-cluster cohension within the cluster data points or object for

the clusters formed using the RM and FM data models respectively, as opposed to FR data model.

Table 4.8: Cascaded RFM function object scores

Groupings RF RM FM

Function Object | 23419.32 | 23124.75 | 23399.16

The MGGFCM method gave a smaller objective function value for RM. The implications was that
customers that showed high performing RM values were correctly assigned to the right cluster, and that
these customers in future are likely to respond to promotions and other marketing campaigns because
they were properly segmented. It would not be beneficial for a business to trigger marketing strategies

if customers are not properly segmented, that would lead to financial loss and waste of resources [307].
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The FM objective function does not tell us much about the monetary transactions related to customers
(only disloyalty), this could mean, if we couple up our conclusion with Figure that customers had
bad Frequency and have not made decent purchases (Monetary) but they started to be active again.

Lastly, we observed a higher Objective function for RF, which could indicate Almost Lost and Lost

Customers.

4.1.9 Model Evaluation
4.1.9.1 Silhouette scores evaluation of the CRFM Model

Figure shows a customer distribution plot and their Silhouette scores with two (minimum) clusters

showing a Silhouette score of 0.536 for the CRFM model. The clusters look well separated as the

number of K grows from 2 to 3 and 4. Figures [4.13] [4.14] and [4.15] show computed Silhouette scores

for different number of clusters.

e K = 2 approximately 0.536
e K = 3 approximately 0.425, and

e K = 4 approximately 0.516.

Cluster Label
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The Silhouette Coefficient values

Figure 4.13: CRFM clusters and Silhouette values
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Figure shows that the average Silhouette score for K = 3 clusters is 0.425. This means that the

clusters were evenly condensed and well separated.

Cluster Label
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The Silhouette Coefficient

Figure 4.14: CRFM clusters and Silhouette values (K = 3)

Figure [4.15] shows that the average Silhouette score for K = 4 clusters is 0.516. An increase in Silhou-
ette value was obvious, indicating that the MDFCM performed better as the number of clusters were
increased, also that the MDFCM became more stable and better in centroids selection. The number
of iterations defined also contribute to algorithm efficiency and performance (the number of iterations

promote efficiency in creating cluster centers, the bigger the value of i the better).
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Figure 4.15: CRFM clusters and Silhouette values (K=4)

4.1.9.2 Silhouette score evaluation for CDFCM, MDFCM and MGGFCM

Four clusters were used as the maximum and optimal number of clusters to model the customer transac-
tions data as earlier indicated by the elbow method in Figure[4.1] The Silhouette scores were calculated
for the number of clusters to obtain the Silhouette values as shown in Figure[4.2] so that, clusters can be
evaluated for their cohesion or separation relative to each other. The more cohesion exists in the cluster
the more accurate customers have been assigned to that cluster, loose cohesion or separation suggests
that customers in the cluster are not correctly assigned or data preparation was not done properly. A
higher Silhouette value indicates strong intra-cluster cohesion and clear inter-cluster separation, sug-
gesting an effective clustering structure, whereas a lower value reflects poor separation between clusters
and weak internal consistency. Furthermore, we used that information to determine which clusters are
most profitable and promising and which ones are risky and require special attention. Table [4.9] shows

computed values for each customer cluster using the Silhouette coefficient method. Subsequently, each
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cluster is compared to other clusters based on the calculated value for the three clustering algorithms

(or models) used in this study.

Table 4.9: Number of Clusters and their Silhouette Score

Number of clusters

MDFCM-Silhouette score

CDFCM-Silhioutte score

MGGFCM-Silhoutte Score

2 0.991 0.534 0.424
3 0.536 0.429 0.134
4 0.537 0.511 0.127

As presented in Table [4.9] the MDFCM algorithm demonstrated consistently strong clustering perfor-
mance across different values of K, specifically for K=2, K=3, and K=4, with corresponding Silhouette
scores of 0.534, 0.429, and 0.511, respectively. These results reflect a higher degree of intra-cluster

cohesion and inter-cluster separation when compared to the CDFCM and the MGGFCM algorithms.

Notably, an increase in the number of clusters (K) appears to improve the clustering effectiveness of
MDFCM, suggesting that the algorithm scales well with increasing data granularity. This trend indicates
that the integration of MDFCM into the Data Clustering System (DCS) offers enhanced capability for

segmenting complex customer datasets, particularly where nuanced groupings are required.

Among the three clustering techniques evaluated, MDFCM consistently outperformed its counterparts
across all tested values of K, thereby affirming its robustness and adaptability to varying data distribu-
tions. In contrast, CDFCM achieved moderate performance with a Silhouette value of 0.424, 0.134 and
0.127, respectively, for values of k = 2, 3, and 4, but lacked the consistency and accuracy exhibited by
MDFCM. MGGFCM, however, yielded suboptimal results, with lower Silhouette values across all tested

values of K, highlighting its limited effectiveness in this customer data context.

These findings support the selection of MDFCM as the most suitable clustering approach for dynamic
customer segmentation and align with the broader objective of improving data-driven decision-making

through more accurate cluster formation.

4.1.9.3 Xie-Beni (XB) Index

The clusters resulted from the clustering algorithms that need to be validated for efficiency; hence as
part of the evaluation techniques, this research also used the XB-index evaluation method. The indicator

of result evaluation can be in the form of compactness level and separation level. A small value of the
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XB-index indicates a good compactness and separation level of the cluster. The XB-index was used to
perform a compactness and separation validation function of fuzzy clustering. The Xie-Beni index value

is computed using Equation of Section [3]

As already detailed in Section [3.2.4.2] the Xie-Beni index defines inter-cluster separation as the smallest
square distance between cluster centers, while intra-cluster compactness is the average square distance
between each data point and its cluster center. When the Xie-Beni index is at its lowest point, the

optimal cluster number is reached.

Table 4.10: The XB-index calculation for different number of clusters

Number of clusters | CDFCM | MDFCM | MGGFCM

2 0.74 0.64 0.69
3 0.41 0.76 1.63
4 0.33 0.23 1.50

In Table we observed that the XB-Index is lower for 2 clusters of the MDFCM, this suggests a
good cluster. The value of K=3 clusters favors the CDFCM clustering process as it achieve the lower
XB value. For a value of K = 4 we also noted MDFCM reappearing with a lower value, which suggests
a good cluster, for the MGGFCM we noted it mostly performed bad across different values of K. In
general, the most optimal clustering for the DCS favoured the MDFCM, with CDFCM coming second
for K value of 3 and 4 related to experiments done in this study. Furthermore, we observed an optimal
behaviour for the MDFCM as the value of K increased from 2 to 3 and 4. Hence, results became more
stable with the lowest XB-index in K = 4. However, the CDFCM also had relatively stable results across
different clusters nearing a value of zero as the K value increased. This indicate objects compactness

within clusters and a good separation of clusters.

¢ Movement, Omission and Creation of Clusters vs. XB-index

Tables [4.11} |4.12] and [4.13| show the k values for the clustering algorithmns and actions against clus-

ters. As mentioned in Section it is also important to assign a proper value of i (iterations) as a

convergence and termination criteria, we use a minimum value of 10.
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Table 4.11: XB-Index for different number of clusters (with i = 10, 11 and 12) for CDFCM

K-value | XB-index | Iterations | Cluster Creation | Cluster Movement | Cluster Omission

2 0.38 10 Y N N
3 0.16 11 N Y N
4 0.21 12 N N N

Table to table shows results of the CDFCM clustering with number of iterations (i) equals 10,
11 and 12 and k equals 2, 3 and 4 clusters, the MDFCM and MGGFCM algorithms also follow similar
pattern as shown in Table and Table respectively.

Table 4.12: XB-Index for different number of clusters (with i = 10, 11 and 12) for MDFCM

K-value | XB-index | Iterations | Cluster Creation | Cluster Movement | Cluster Omission

2 0.20 10 Y N N
3 0.15 11 Y N N
4 0.18 12 N N N

Table 4.13: XB-Index for different number of clusters (with i = 10, 11 and 12) for MGGFCM

K-value | XB-index | Iterations | Cluster Creation | Cluster Movement | Cluster Omission

2 0.30 10 Y N N
3 0.17 11 Y N N
4 0.21 12 N N N

4.1.9.4 Root Mean Square Error

Root Mean Square Error is used for validating the clusters, the closer the value is to 0 the more precise
the customers are clustered and the better the performance of that cluster, RMSE is a value between 0

and 1 the smaller the value, the better the model's performance.

Table 4.14: Number of Clusters and their RMSE

Number of clusters | MDFCM - RMSE | CDFCM - RMSE | MGGFCM - RMSE

2 0.41 0.32 0.62
3 0.53 0.40 0.34
4 0.27 0.31 0.37

Table shows a number of clusters versus the clustering techniques, the value of £ = 4 remains as a
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maximum fixed value, starting with k = 2 we noted that CDFCM performed better. Also, for k=3, the
MGGFCM performed better, achieving the lowest RMSE value. Furthermore, for k = 4 the MDFCM
achieved the lowest RMSE values. This is the best and lowest RMSE value achieved across the different
values of k variations used in this study, from & = 2, 3 and 4. There are a couple of scenarios this could
indicate, firstly, that with & = 4 data objects in each cluster portray more similarities (i.e., the grouping

within each cluster is accurate), and secondly, that the clusters are well separated.

4.1.10 Summary of Experimental Insights

Three clustering algorithms CDFCM, MGGFCM, and MDFCM, were evaluated for dynamic customer
segmentation using a transactional retail dataset. The primary objective was to assess each model's
ability to capture evolving customer behaviors and provide stable yet adaptive segmentation over a

period of time.

The empirical results indicate that MDFCM consistently outperformed both CDFCM and MGGFCM

across several clustering validity indices, including the XB index, Silhouette values, and RMSE values as

seen in Tables [4.11} [4.13| and [4.14, MDFCM achieved better results, suggesting greater segmentation

quality, enhanced cluster separability, and improved membership consistency.

While MGGFCM produced well-defined static clusters, it struggled to adapt when new transactional data
introduced behavioral drift (see Tables and [4.10). Similarly, CDFCM effectively tracked temporal
changes but exhibited higher volatility in membership updates and cluster shifts, resulting in fluctuating
segment boundaries. The MDFCM variant provided a superior balance, retaining temporal sensitivity

while stabilizing cluster evolution.

The findings highlight several important trends for retail dynamic customer segmentation:

e Temporal adaptivity is critical: Customers’ shopping behaviors evolve rapidly, and models that

incorporate incremental updates better capture these dynamics.

e Soft, overlapping segments enhance insight: MDFCM's refined fuzzy membership allows customers
to belong to multiple segments, reflecting hybrid behaviors and supporting personalized marketing

strategies.

e Stability—adaptivity balance is essential: Smooth cluster transitions preserve interpretability while
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remaining responsive to behavioral shifts.

e Temporal dynamics outweigh geometric precision: In transactional retail data, tracking evolving

behavior is more influential than capturing complex cluster shapes.

Overall, MDFCM provides actionable, dynamic segmentation that can support real-time personalization,

customer journey tracking, and loyalty optimization.

4.2 Chapter Summary

This chapter presents quantitative and qualitative experimental results. The results revealed the po-
tential usefulness of the CRFM Method as the base model and the subsequent clustering methods that
use it for further data processing. The evaluation of the three algorithms for DCS in this study, that
is, CDFCM, MGGFCM and MDFCM showed that even though these algorithms aim to achieve sim-
ilar goals, the level of reliability and accuracy is not the same. This was evident in the algorithm’s
performance relative to the amount of data given, and also in the results evaluated by the employed
metrics. Findings indicated that MDFCM was more accurate and performed better compared to other
algorithms, regardless of the amount of input data given for experiments. |t maintained a consistently
high performance and reliability, yielding high cohesion and separation of data points and clusters, and
also achieved the highest Silhouette value and lowest XB-index and RMSE value. The MDFCM cluster-
ing algorithm achieved an average Silhouette accuracy of 99% (0.991) in its results for 2 clusters, which
is the highest Silhouette value achieved in experiments carried out in this study as shown in Table [4.9]
while CDFCM and MGGFCM were lower compared to MDFCM in K values of 3 and 4. Results further
suggest that it is preferable to employ MDFCM over a larger number of clusters or customer groups,
as it becomes more stable and accurate with the increasing number of clusters compared to the other

CDFCM and MGGFCM clustering algorithms. The MGGFCM was also outperformed by CDFCM.



Chapter 5

CONCLUSION AND
RECOMMENDATION

5.1 Conclusion

This research explored Dynamic Customer Segmentation in the retail sector using clustering techniques
on a customer transactional dataset from a South African retail supermarket. The following research

questions were thus posed and addressed:

1. Firstly, which combination of the segmentation techniques and clustering models performs best

for the dynamic customer segmentation task?

2. Secondly, how can the derived customer segments be profiled to assist with decision support to

enhance customer experience in the retail sector?

This chapter concludes the research by discussing the explored clustering models that estimate or build
consumer categories using transactional data from a retail store, supported by data mining categoriza-
tion techniques. According to this study, prediction modeling works well in the retail industry, and
decision-makers can utilize these models to further create recommendation systems and effectively cre-
ate marketing plans, recommendations systems take into account the results in the computation of the
clustering algorithms, driven by the customer profiles and extra features to eventually deliver a set of

different kinds of marketing suggestions, recommendations are categorized by:

103
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1. Customer Similarity.
2. Item Similarity.
3. ltem complementarity

4. Item association to support decision making.

All these attributes are derived from customer profiles based on their purchase behaviours. Furthermore,
the cascaded RFM approach employed in this study was developed based on the traditional RFM model.
It addresses the limitations of the traditional RFM by introducing a dynamic and flexible structure,
allowing businesses to focus selectively on specific RFM variables rather than the model as a whole.
This approach also enables the independent analysis of each RFM characteristic, offering greater insight
into customer behavior. A typical example is the use of daily or weekly marketing strategies, where the
Recency attribute may become less significant due to the short time intervals involved. In such cases,
businesses may choose to focus primarily on the Frequency and Monetary attributes. Conversely, in

other contexts, Recency may be more relevant than the other dimensions.

Drawing upon the proposed research framework and the objectives and research questions outlined in
Chapter 1, the findings demonstrate that the integration of a machine learning—driven data analytics
approach with Cascaded RFM analysis and clustering models is both viable and effective. The analysis
presented in Chapter 4 further evaluated the performance of the clustering models, indicating that the

MDFCM method outperforms both the CDFCM and MGGFCM models.

Hence, businesses can use data mining techniques, such as clustering approaches, to access this untapped
knowledge. The method and technology the retailer uses to select and offer the product, and customer

needs are critical and decisive to customer involvement, engagement, and competitive success [178].

Customers are categorized into homogeneous clusters using clustering algorithms, where customers with
similar demands and characteristics are put together [308]. A business must offer valuable goods and

services to its clients after determining their requirements and values.

Consequently, the study we conducted in this thesis built a Cascaded RFM from a traditional RFM and
compared three clustering algorithms namely the CDFCM, MGGFCM and MDFCM, as already stated,
the results showed that MDFCM performs better when compared to the other two models, it was

observed that the behaviour of customers changes and as the number of customer clustering increases
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from K = 1 to K = 4, the CDFCM and MGGFCM intra-cluster distances became sparser and sparser
as opposed to MDFCM as it maintained a constant cohesion of intra-clusters and proper separation of

cluster distribution.

5.2 Synthesis of Findings

This section synthesizes the key findings from the implementation, evaluation, and testing of the clus-
tering algorithms in addressing the DCS in retail sector. By measuring the performance (in terms of
cohesion and separation of clusters) and stability (how well customer data is fitted) of the clustering al-
gorithms used in this research, this synthesis directly links the theoretical gaps identified in the literature

review, the research objectives, and the research questions posed at the start of the study:

5.2.1 Which combination of the segmentation techniques and clustering models per-

forms best for the dynamic customer segmentation task?

To address this research question, a traditional RFM was derived from the transactional dataset and
used to build the novel cascaded RFM (CRFM) that forms the base model used in this research.
Three clustering techniques (CDFCM, MGGFCM and MDFCM) were then applied on the CRFM. The
models were then evaluated using standard metrics such as Silhouette score, RMSE and Xie-Beni (XB)
index. It was observed that all the clustering techniques employed in this study have the capability
for DCS. However, some of them have limitations associated with them. For example, the selection
of data features that facilitates the traditional RFM implementation requires manual user intervention.
Furthermore, the CDFCM and MGGFCM require user input for processing, such as the specification of
a threshold used to identify cluster changes and the number of cycles. However, the MDFCM does not
require such manual entry or input. Both CDFCM and MGGFCM algorithms achieved low results based
on the evaluation metrics. A Silhouette score of 0.537 for four customer clusters was achieved by the

MDFCM compared to 0.517 and 0.127 achieved by the CDFCM and MGGFCM, respectively.

The MDFCM is an improved version of the CDFCM and MGGFCM through the incorporation of the
XB-index to address the shortcomings associated with specifying parameter T' (i.e., number of cycles)
and cluster thresholds to determine cluster changes () on the CDFCM algorithm. Thus, MDFCM
yielded a better performance for the DCS compared to CDFCM and MGGFCM. The CDFCM also
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outperformed the MGGFCM by yielding stable results and achieved a lower XB-Index of 0.23 for four
clusters compared to the 1.50 for the MGGFCM.

Conclusively, the MDFCM is more suitable for DCS experiments and helps to address the limitations
associated with CDFCM and MGGFCM. As a result, it has the potential to significantly improve cluster
creation, movement and elimination and thus enhance proper marketing strategies to be created per

cluster, and promote service quality.

5.2.2 How can the derived customer segments be profiled to assist with decision

support to enhance customer experience in the retail sector?

To address this research question, clustering algorithms were implemented on the retail dataset and
segments were created, to profile the customers based on their purchase behavior (customer purchase
behaviour implies their financial data). Customers were profiled based on four categories, namely Best
Customers, Loyal Customers, Almost Lost customers, and Lost Customers. This profiling helps to
understand specific customer groups that exist within the customer transactional base for different
marketing processes and strategies. Customer transactional data was used to build customer profiles,
above-mentioned and these customer profiles are segmented into one of the above mentioned segments or
clusters using CDFCM, MGGFCM and MDFCM clustering techniques. Furthermore, customer personal
data such as contact details, location, and address can be linked to customer profiles through an existing
customer recommendation system, and marketing communication can be sent accordingly. Findings from
the evaluation suggest that several customers fall into the best and loyal customer segments. These are
customers who are in the top 20% and make up 80% of the company's revenue. Customer personal data
such as age, gender, education, occupation, income, location, and financial factors and transactional
data, such as buying preferences, purchase history, repayment patterns, and churn history can be used to
create customer profiles, which can then be used for customer assessment, product marketing, experience
enhancement, direct marketing, product customization, cross-selling, deep-selling, up-selling, and churn

prevention.

The following summarizes the benefits of enhanced customer experience in the retail sector using dynamic

clustering algorithms such as MDFCM:

1. Efficiency: This encompasses several factors, including
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(i.) Operational efficiency: The MDFCM clustering algorithm can increase operational ef-
ficiency by dynamically segmenting customers without user intervention, and thus, marketing
strategies can be triggered immediately as soon as the customer makes their first purchase.
Furthermore, clusters are eliminated, moved, or created based on new data updates, leading
to the reduction of non-beneficial clusters and creation of new clusters that are beneficial.

(ii.) Time efficiency: The approach used in this research is such that new data updates are
automatically triggered, and the new data is compared to existing cluster centers to assign
them to relevant clusters. Otherwise, a new cluster(s) is created, and ONLY new data is
checked against the old cluster centers. Hence, the amount of time for clustering is reduced

for assigning new data.

2. Reliability: Considering remarks by Lata et al. [309], three parameters are utilized to scale the
reliability of fuzzy clustering, these are:
(i.) Homogeneity (Energy): This refers to the degree to which a cluster contains only
data points that belong to a single class or segments (i.e, share similar characteristics)
(ii.) Centrality: This concept pertains to the identification of the most significant or
influential nodes within a cluster
(iii.) Concentration: This refers to the degree to which items or entities are grouped

together in a specific area or region.

These three parameters are crucial for achieving the reliability of the clustering models, which
requires models to be trained on a similar dataset for optimization. Hence, models implemented
in this study were trained on the 80% portion of the original customer transactional data used in
this study, in order to enhance their reliability and accuracy.
(i.) Model Training: The model was trained using 80% of the customer dataset, comprising
44120 transactional records. This subset was utilized to optimize the selection of centroids
for effective clustering performance.
(ii.) Model Testing: This study used 20% of the dataset for testing, comprising 11000+
transactional records and the termination criteria for the clustering algorithms was taken as

far as i=100 iterations to achieve accuracy and reliability.
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5.3 Recommendation and Limitations of Research

5.3.1 Recommendation

Based on the experimental results, the Modified Dynamic Fuzzy C-Means (MDFCM) model exhibited
superior stability and reliability during the training phase. Specifically, the model achieved optimal
results on the training dataset, and the same was observed on the test dataset. Furthermore, it attained
a maximum Silhouette validation accuracy of 0.99 for two clusters, 0.536 for three clusters and 0.537
for four clusters. The MDFCM also achieved the lowest XB-Index (0.23) for four clusters. Hence,
performing better compared to the CDFCM and MGGFCM. These outcomes align with the primary
objective of the research, which was to evaluate the performance of clustering models, and the results
obtained were inline with results of Munusamy and Murugesan [49], who claimed that the Modified
Dynamic Fuzzy C-Means provide the best reliability and stability for as the number of clusters increases,
and can be applied on a variety of multi-class (groups) classification applications. Hence, the experiments
conducted in this research suggests that the Modified Dynamic Fuzzy C-Means classification strategy

produces the best results, while CDFCM and MGGFCM clustering models produce the lesser results.

The clustering (CDFCM, MGGFCM and MDFCM) models provided partial success because products
could be recommended for up to four clusters with high precision and stability. This can be due to
the customer dataset size used in this study, and also due to the fact that ONLY one product (Nivea
product) was contained in the customer dataset. It would be interesting to see how these models perform
on a large dataset. The number of segments could be increased in order to compare a wide range of
clusters, including lapsed customers, or customers at risk etc, also the number of products featured
can be expanded (to include other skincare products such as Dove, Eucerin, etc., among others) to
determine how the clustering models behave under different conditions. It can be deduced from the
results that devising or even incorporating an existing recommendation system based on the Modified
Dynamic Fuzzy C-Means algorithm would be best suited when applied to the entire customer transaction

or behavioural dataset.

5.3.2 Limitations of Research

Traditional RFM ignores individual-level variations like demographics, motivations, preferences etc. Re-

searchers frequently view the RFM approach’s reliance on the three primary attributes, recentness,
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frequency, and monetary as a drawback. The second limitation of the RFM technique lies in the sub-
jective and arbitrary assignment of weights (ratings from 1-4) to the Recency, Frequency, and Monetary
components, which can undermine the objectivity and consistency of the analysis. Authors in [310] and
[13] discovered that using RFM as a scoring model resulted in an overestimation of client value. As a
result, a large number of clients who had made significant initial purchases from the business before
ceasing to do business with it were regarded as high-value clients. To address this specific limitation of
the traditional RFM model, the development of a cascaded RFM framework aims to generate various
permutations of the conventional RFM components, thereby enabling an examination of the interdepen-
dencies and relative influence among Recency, Frequency, and Monetary attributes. Furthermore, the
analysis was conducted using transactional data only, without access to consumer demographic or psy-
chographic information. Moreover, the dataset was limited to over-the-counter (OTC) sales and did not
include any records of online customer transactions or related platforms. This represents a key limitation
of the study. Another notable constraint was the absence of a practical recommendation system, which
restricted the ability to further evaluate and apply the outcomes of the dynamic customer segmentation
model in a real-world setting. When applied to other data, the same methodology used in this study
could have different results when divided into groups based on customer psychological or demographic
information. Future research could look at the association mining rule on segmented customers on a
dataset that includes consumer demographic data. In this study, the segmented customers were not

classified based on demographic features rather on transactional or behavioral data.

5.4 Opportunities for Future Research

The research study has future research implications - this research advances customer segmentation
algorithms and machine learning models in the South African retail sector. Given that this study, along
with other contemporary research, primarily utilizes static and over-the-counter (OTC) sales data, it
would be valuable for future investigations to incorporate cross-platform customer sales data. This
includes data derived from mobile applications, scan-and-go technologies, self-checkout systems, Que-
Vision, smart shelf technologies, and various web-based or online platforms, to gain a more compre-
hensive understanding of consumer behavior across retail channels. Hence, applying real-time data and
predictive analytics to customer behavior could improve these models’ segmentation. This study also

recommends using social media and mobile data to understand customer preferences. The findings of
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this research underscore the transformative potential of big data analytics in retail customer segmen-
tation. By leveraging advanced data-driven insights, businesses can enhance personalization efforts,
support strategic decision-making, and achieve competitive differentiation in increasingly dynamic mar-
ket environments. Effectively harnessing big data for customer segmentation necessitates a balanced
approach that addresses its technical, ethical, and operational challenges. This study contributes to
both industry practice and academic discourse by laying a foundational framework for the development

of big data—driven segmentation models, with particular relevance to the African retail sector.
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A.2 Python code for clustering models and Evaluation metrics
A.2.1 General scripts

Code Description: Figure performs Min-Max Normalization (also called feature scaling) on all

numeric columns of the pandas (customer) DataFrame (df).

# Min-Max Normalization
df = rfm_data

df_norm = (df-df.min())/(df.max()-df.min())
#df _norm = pd.concat((df_norm, data.species), 1)

print(“Scaled Dataset Using Pandas")
df_norm.head()

Figure A.2: Python script used to normalize customer dataset.

Code Description: Figure [A.3]is used to create customer segments from RFM model using Quartiles.
A score from 1 to 4 for Recency, Frequency and Monetary is assigned. 4 is the best/highest value, and 1

is the lowest /worst value. A final RFM score is calculated by combining individual RFM score numbers.

quantiles = rfm_df.quantile(g=[©.25,86.5,8.75])
quantiles

Figure A.3: Python script used to create the four Quartiles.

Code Description: The code in Figure [A.4] code scores customers on how recently, how often, and how

much they have purchased, forming the basis for customer segmentation (RFM analysis).
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#create rfm segmentation table
rfm_segmentation = rfm_df

rfm_segmentation[ 'R_Quartile'] = rfm_segmentation[ 'Recency'].apply(RScore, args=('Recency',quantiles,))
rfm_segmentation['F_Quartile'] = rfm_segmentation['Frequency'].apply(FMScore, args=('Frequency’',quantiles,))
rfm_segmentation['M Quartile'] = rfm_segmentation[ 'Monetary'].apply(FMScore, args=('Monetary',quantiles,))

Figure A.4: Python script used to assign Quartile values to customers.

Code Description: Figure[A5]is used to calculate recency, we need to choose a date point from which

we evaluate how many days ago was the customer's last purchase.

RECENCY

#last date on the data file
retail df.InvoiceDate.max()

Timestamp('2023-10-31 ©0:00:00")

now = https://url.za.m.mimecastprotect.com/s/ZEttCy8zgXHpgxvBcQiySxD1HS?domain=dt.date(2023,10,31)
print(now)

2023-10-31

1: | # Create a column Amount(Total cost)
retail df|'aAmount’] = retail df| 'Quantity'] * retail df['UnitPrice’]

#create a new column called date which contains the date of invoice only
retail df|'Date’']| = retail df| 'InvoiceDate’ ]

#group by customers and check last date of purshace

recency_df = retail df.groupby(by="CustomerLoyaltyCard"’, as_index=False)| 'Date’|.max()
recency df.columns = [ 'CustomerLoyaltyCard', 'LastPurshaceDate’ ]

recency_df.head()

Figure A.5: Python script used to compute Recency attribute.

Code Description: Figure [A.6] helps us to know how many times a customer purchased from us i.e.,

frequency. To do that, we need to check how many invoices are registered by the same customer.
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FREQUENCY

# drop duplicates

retail df copy = retail df

retail df _copy.drop_duplicates(subset=[ 'InvoiceDate’, 'CustomerLoyaltyCard'], keep="first", inplace=True)
#calculate frequency of purchases

frequency df = retail df_copy.groupby(by=[ 'CustomerLoyaltyCard’], as_index=False)|['SKU'].count()
frequency df.columns = [ 'CustomerLoyaltyCard','Frequency’]

frequency df.head()

Figure A.6: Python script used to compute Frequency attribute.

Code Description: Figure[A7]is used to calculate monetary attributes, that is, how much money did

the customer spend over time? To do that, first, we will create a new column, total cost, to have the

total price per invoice.

Monetary

#create column total cost
retail df copy|'TotalCost'] = retail df copy[ 'Quantity’] * retail df copy['UnitPrice']

monetary_df = retail df copy.groupby(by="CustomerLoyaltyCard',as_index=False).agg({ TotalCost': ‘sum'})

monetary_df.columns = ['CustomerLoyaltyCard’, 'Monetary’]
monetary_df.head()

Figure A.7: Python script used to compute monetary attribute.

Code Description: The code in Figure [A-8| helps us choose the best number of K-Means clusters by

plotting the Elbow curve.
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Checking for optimal clusters

#pplying elbow method to observe select correct number of clusters
plt.figure(figsize=(13,10))

K = range(1, 9)

distorts = []

inert = []

mapp= 1}

sqrd_error
for k in K:
kmeans = KMeans(n_clusters=k, random state=42)

kmeans.fit(cust scaled)

distorts.append(sum(np.min{cdist(cust scaled, kmeans.cluster centers ,

‘euclidean’), axis=1)) / cust scaled.shape[8])

inert.append(kmeans.inertia_)

mapp[k] = sum{np.min(cdist({cust scaled, kmeans.cluster centers ,
"euclidean’), axis=1)) / cust scaled.shape|8]

sqrd_error[k] = kmeans.inertia_ # SSE to closest cluster centroid
plt.title( Elbow Method',fontsize=25)
plt.xlabel( Number of Clusters',fontsize=28)
plt.ylabel(’Sum of Sguares error',fontsize=20)

sns.pointplot(x=list(sqrd error.keys()), y=list(sqrd error.values()))
plt.show()

Figure A.8: Python Elbow script used to compute number of clusters(k)

A.2.2 CDFCM Python script

Code Description: Figure [A.9 methods measure cluster separation, compute distances, and visualize

the clustering results (e.g., customers segmented by Recency and Frequency).
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import numpy as np;

import scipy as sp;

import matplotlib.pyplot as plt;
import matplotlib.cm as cm;

import FuzzyCMeans as fm;

from scipy.spatial import distance;
#import scipy.spatial;

[a e TR [ o TR I i W S Ry ]

def dist center{center, cluster n):

[y
]

nd=np.shape(center);
if (nd[@]»=2):
dm=distance.pdist{center);
#dm=np. linalg.norm({center[8, : |-center[1,:]);

[ A Sy =
oLl pa

#for 1 in range(@,cluster n):
# for j in range(i+1,cluster n):

=
onoLn

# awx=np.Linalg.norm{center[i, :]-center[]j,:]);
# if (aux<dm):
# dm=aux;

=
W00

return np.min(dm)

Pl Pl
==

def dist(X, Y):

22 distl = (X - Y)**2

23 print(distl)

24 distl = np.sum(distl, axis=1)

25 distl = np.sgrt(distl)

26 return distl;

27

28 def plot _cluster(XG, Uindex, cluster n):

29 fig, ax@ = plt.subplots{ncols=1l, constrained layout=True)
30 colors = cm.rainbow(np.linspace(@, 1, cluster n))

31 for i in range(cluster _n):

32 indx = np.where((Uindex==1i))

33 ax@.scatter (XG[indx,B8],XG[indx,1], color=colors[i])
34 ax@.set_xlabel("Monetary™)

35 ax@.set _ylabel{"Frequency™)

36 ax@.set_title( 'Original’)

Figure A.9: Python code script for CDFCM model.

Code Description: Figure method defined as plot_cluster_new_data() visualizes how new data

aligns with existing clusters. pertenence(): calculates fuzzy cluster memberships for customers based
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on their distance to cluster centers. reconoce_change(): flags data points (e.g., customers) whose fuzzy

memberships are weak and who lie far from all cluster centers identifying behavioral changes, anomalies,

or outliers relative to existing clusters.

36
37
38
39
29
a1
22
a3
a4
45
26
47

=

i

~

[N = = =
€0 o

o

def

def

def

ax@.set_title( Original’)
return 1;

plot_cluster_new_data(XG, XP, Uindex, U2index, cluster n, ti):

fig, ax@ = plt.subplots{ncols=1, constrained_layout=True)

colors = cm.rainbow(np.linspace(®, 1, cluster_n))

colorsl = cm.inferno(np.linspace(8, 1, cluster n))

for i in range(®,cluster n):
indx = np.where((Uindex==i))
ax@.scatter(XG[indx,8],XG[indx,1], color=colors[i])
indx1 = np.where((U2index==i))
ax@.scatter(XP[indx1,@],XP[indx1,1],color=colorsl[i])}
ax®.set_xlabel("Monetary”)
ax@.set_ylabel("Frequency”)
ax@.set_title( 'Original Iteration '+ str(ti))

return 1;

pertenence(data, center,cluster_n,expo):
diff = np.zeros((center.shape[@], data.shape[@]))
if center.shape[1] » 1:
for k in range(center.shape[@]):
diff[k, :] = np.sqrt(sum(np.power(data-np.dot(np.cnes((data.shape[@], 1)),np.reshape(center[k,
else: # for 1-D data
for k in range(center.shape[@]):
diff[k, :] = abs(center[k]-data).T
dist=diff+08.0001;
num = np.power(dist, (-2/(expo-1)))
U = np.divide(num,np.dot(np.ones((cluster_n, 1)),np.reshape(sum(num),(1,num.shape[1])))+0.8001);
UIm = np.argmax(U,axis=0);
Umax = np.max(U,axis=8)
return U, Umax, UIm, dist;

reconoce_change(U,dist,mindcenter, cluster_n,thresholdmin, thresholdmax) :
nd=np.shape(U);

Figure A.10: Python code script for CDFCM model.

:1,(1,center.shape[1]))),2).T))

Code Description: Figure defined as sstepdsr(): performs one membership update step using

a series expansion method. stepdsr(): iteratively applies these updates until convergence or until the

maximum number of iterations is reached.
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70 Umin = np.min(U,axis=@);

71 Umax = np.max(U,axis=0);

72 cambiol=1*(thresholdmin<=Umin)*(Umax<=thresholdmax);

73 cambio2=1*(np.min{dist,axis=0)>=(mindcenter/2));

74 cambio=cambiol*cambio2;

75 return cambio, np.sum{cambio)

76

77

78 def sstepdsr(data, U, cluster_n, s,epsilon,NI):

79 #mf = np.power(U, expo)

80 center = np.divide(np.dot(U,data), (np.ones((data.shape[1], 1))*sum(U.T)).T);
81 diff = np.zeros((center.shape[@], data.shape[8]))

82 if center.shape[l] » 1:

83 for k in range(center.shape[@]):

84 diff[k, :] = np.sqrt(sum(np.power(data-np.dot(np.ones((data.shape[@], 1)),np.reshape(center(k, :],(1,center.shape[1]))),2).T))
85 else: # for 1-D data

86 for k in range(center.shape[@]):

87 diff[k, :] = abs(center[k]-data).T

88 dist=diff+a.00a1;

89 obj_fcn = np.sum{np.dot{np.power(dist,2),U.T));

90 constante=(-2)*((s)**2);

91 tmp=np.power(dist,2)/constante;

92 tmpl = 1 + tmp + (1/2)*np.power(tmp,2)+(1/6)*np.power(tmp,3)+(1/24)*np.power(tmp,4)+(1/120)*np.power(tmp,5)+(1/7289)*np.power(tmp,6);
93 U new = np.divide(tmpl,np.dot(np.ones((cluster_n, 1)),np.reshape(sum(tmpl), (1,tmpl.shape[1])))+2.0001)
94 return U_new, center, obj_fcn

95

96 def stepdsr(data, nc, si,epsilon,NI):

97 nd=data.shape;

98 max_iter = NI; # Max. iteration

99 min_impro = epsilon; # Min. improvement

180 display = @; # Display info or not

1lel

102 obj_fen = np.zeros((max_iter, 1)) #Array for objective function

1e3

1led4 #U, Um, center = fm.jfcm(data,nc,expo=2,min_err,max_iter,verbose=8);

185 U = fm.init memval(nc, nd[@]);

Figure A.11: Python code script for CDFCM model.

Code Description: Figures|A.12] [A.13]and [A.14]

(i). Computes the pairwise distances between new and old centers.

(ii). Finds the closest matches between new and old centers.

(iii). Assigns identifiers to clusters, ensuring unmatched clusters get new IDs.

(iv). Reorders the membership matrix U and the center array centerl based on the matching.
(v). Returns the reordered memberships (Uiden) and reordered centers (centeri).

Essentially, it is used in fuzzy clustering or iterative clustering algorithms to track cluster identity across

iterations.
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1@5
1e6
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1@9
118
111
112
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114
115
116
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127
128
129
138
131
132
133
134
135
136
137
138
139
148

U = fm.init_memval(nc, nd[@]);
for i in range(@,max_iter):
Ua, center, obj_fecn[i] = sstepdsr(data, U, nc, si, epsilon, NI);
#if display:
#  print( 'Iteration count = %d, obj. fcn = %f\n", i, obj_fcn(i));
aa = np.max(np.max(np.abs(Ua-U)));
if i » @:
if (aa <= min_impro):
U=la;
break;
else:
U=Ua;

iter_n = i; #Actual number of iterations
#obj_fen[iter n+l:max_iter] = [];
return center, U, obj_fcn[iter n];

def ident_c3(U,center,centerl,cota,c,copt):

#la siguiente funcidn identifica las clases encontradas con Llas anteriores
# de acuerdo al criterio de diferencia establecido en cota

Hhhhbauy

[Uiden, centeri]=ident c(center, centerl,cota,c,copt).

Uiden es Las pertenencias ordenadas.

centeri son los centros ordenados.

center son Los centros viejos.

centerl son los centros nuevos.

cota es Lla diferencia entre centros que estamos dispuestos a aceptar.
c es el nidmero de clases que habian.

copt es el nimero de clases encontradas.

#%5-88-2600

d=sp.spatial.distance.cdist(centerl,center);
dmm=np.max(d};

mind=np.min(d, axis=0);
mmind=np.min(d);

Figure A.12: Python code script for CDFCM model.
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146 mmind=np.min(d);

141

142 identi=np.zeros((c,1));

143 iden=np.zeros((copt,1));

144

145 for i in range(©,copt):

146 iden[i]=i;

147

148 E=c;

149

158 while E>8:

151 j=np.where(mind==mmind)[@][0];
152 identi[j]=np.where(d[:,j]==mind[j])[@][0];
153 for i in range(@,copt):

154 d[i,5]=dmm;

155 for i in range(8,c):

156 dlint(identi[j]),1 |=dmm;
157 mind=np.min(d,axis=@);

158 mmind=np.min(d);

159 E=E-1;

168

161 noptl=c+l1;

162

163 for i in range(0,copt):

164 if (np.sum(1*(i==identi))==0):
165 iden[i]=noptl-1;

166 noptl=noptl+l;

167

168 for i in range(@,c):

169 iden[int(identi[i])]=i;

178

171 Uiden=np.zeros(U.shape);

172 centeri=np.zeros(centerl.shape);
173

174 for i in range(©,copt):

175 Uiden[int(iden[i]),:]=U[4i,:];

Figure A.13: Python code script for CDFCM model.
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175 Uiden|int(iden[i]|),: |=U[1,:];

176 centeri[int(iden[i]),: |=centerl[i,:];

177

178 return Uiden,centeri;

179

150

181 def dsr({data,c,alpha,si,epsilon,NI):

182 # center are the centers obtained jfor the optimal number of classes.
183 # Uopt is the optimal memberships obtained.

184 # objfcopt are the values =<of the objective function obtained for the number
185 # of optimal classes in the iterations.

186 # copt is the number of optimal classes obtained.

187 # data is the data array.

188 #c is the number of starting classes.

189 # graf is 1 if we want the graphs of the stress functions and @ if we don't.

196 # alpha weight jfor coercion function.

191 # if it is the value of the lLagrangian or temperature.
192 # epsilon is the error value.

193 # NI is the maximum number of iterations.

194 nd=data.shape;

195 nostop=8;

196 copt=c;

197 centerl = np.zeros((c,nd[1]));

198 nc=c+l;

199 L=np.zeros((nc, 1));

208 S=np.zeros((nc, 1));

201 L[e]=0.8;

282 5[e]=0.08;

203 #datal=data-np.dot(np.ones((nd[8],1)), (np.mean(data,d)));
204 datal=data-np.mean(data,®);

285 valor=@

206 for j in range(@,nd[0]):

287 valor=valor + datallj,:] @ datal[],:];
2088

289 L[1]=valor;

210 S[1]=0.0;

Figure A.14: Python code script for CDFCM model.

Code Description: Figures[A.15] [A.16] [A.17|and [A.18|elimin_c() : removes inactive clusters from data,

membership matrix, and centers after a critical number of iterations. elimin_cindex() :

is the same as

elimin_c(), but also updates auxiliary arrays (NewClass, Earliness) when clusters are removed.
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211 centerl, Ul, obj fcnl=stepdsr(data, nc, si,epsilon,NI);
212 L[nc-1]=obj_fcnl;

213 S[nc-1]=(alpha*np.log{nd[@]/nc))+((1-alpha)*{np.log(L[1]/L[nc-1])));
214 copt=nc;

215 m5=5[nc-1];

216 if 5[nc-1]<5[nc-2]:

217 nostop=1;

218 copt=nc;

219 while (nostop==8):

228 nc=nc+1;

221 centerl, Ul, obj_fcnl=stepdsr(data, nc, si,epsilen,NI);
222 L=np.append(L,obj fcnl);

223 S=np.append (S, (alpha*np.log(nd[@]/nc))+((1-alpha)*{np.log(L[1]/L[nc-1]1))));
224 if S[nc-1]<mS:

2325 nostop=1;

226 copt=nc-1;

227 else:

228 mS=5[nc-1]

229

238 centerl, Ul, obj_fcnl=stepdsr(data, copt, si,epsilon,NI);
231

232

233

234 return centerl, Ul, obj fcnl, copt;

235

236

237 def elimin_c(X,U,center,R,c,itera,t_crit):

238 if (itera »= t_crit):

239

248 if itera==1:

241 tiempo=R;

242 else:

243 tiempo=np.sum(R[itera-t_crit:(itera),:],axis=0);
244

245 noparar=e;

246 t=0;

Figure A.15: Python code script for CDFCM model.
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247 while noparar==8:

248 if tiempo[t]==8:

249 R=np.concatenate((R[:,@:t],R[:,t+1l:c]), axis=1);

258 Index = np.argmax(U,axis=@);

251 Index=(1*{Index==t));

252 Uaux=U[ : ,Index==8];

253 U=np.concatenate((Vaux[@:t,: ] ,Uaux[t+1l:c,:]), axis=a);
254 X=X[Index==0,:];

255 #Index=Index[Index!=t];

256 center=np.concatenate((center[8:t,:],center[t+l:c,:]), axis=8);
257 nd=U.shape;

258 print{ Number of iterations ',str(itera),’'class was removed’,
259 c=nd[@];

268 if itera==1:

261 tiempo=R;

262 else:

263 tiempo=np.sum(R[itera-t_crit:(itera),:|,axis=0);
264 t=0;

265 else:

266 t=t+1;

267 if t==(c):

268 noparar=1;

269

278 else:

271 print('Cannot process class deletion.\n');

272 print( 'Number of iterations ',str(itera),’ < Critical time = '
273

274 Xtot=X;

275 Uopt=U;

276 centert=center;

277 copt=c;

278 Rfin=R;

279

288

281 return Xtot,centert, Uopt, Rfin, copt;

282

Figure A.16: Python code script for CDFCM model.

str(t_crit));
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252
283 def elimin_cindex(X,U,center,R,c,itera,t crit,NewClass,Earliness):

284 if (itera »>= t _crit):

285

286 if itera==1:

287 tiempo=R;

288 else:

289 tiempo=np.sum(R[itera-t_crit:(itera),:],axis=8);

298

291 noparar=g;

292 t=0;

293 while noparar==8:

294 if tiempo[t]==0:

PO5 R=np.concatenate((R[:,@:t],R[:,t+1l:c]), axis=1);

296 NewClass=np.concatenate((NewClass|[:,08:t],NewClass|:,t+1:c]), axis=1);
297 Earliness=np.concatenate((Earliness|:,8:t],Earliness|:,t+1l:c]), axis=1);
293 Index = np.argmax{U,axis=0);

299 Index=(1*{Index==t));

3608 Uaux=U[ :, Index==0];

381 U=np.concatenate( (Uaux[@:t,: |,Vaux[t+l:c,:]), axis=8);

382 X=X[ Index==0,:];

383 #Index=Index[Index!=t];

384 center=np.concatenate((center[8:t,:]|,center[t+l:c,: ]}, axis=8);

385 nd=U. shape;

386 print{'Number of iterations ',str(itera),'class was removed', str(t));
387 c=nd[08];

388 if itera==1:

389 tiempo=R;

31e else:

311 tiempo=np.sum{R[itera-t_crit:(itera),:],axis=0);

312 t=0;

313 else:

314 t=t+l;

315 if t==(c):

316 noparar=1;

Figure A.17: Python code script for CDFCM model.
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319
328
321
322
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331
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else:
print(’'Cannot process class deletion.\n");
print( 'Number of iterations ',str(itera),’ < Critical time = ', str(t crit));

Xtot=X;
Uopt=U;
centert=center;
copt=c;
Rfin=R;
NCfin=NewClass;
Efin=Earliness;

return Xtot,centert, Uopt, Rfin, copt, NCfin, Efin;

Figure A.18: Python code script for CDFCM model.

A.2.3 MGGFCM Python script

Code Description: Figures [A.19] [A.20] [A.21] [A.22] and [A.23] this function Modifiedfuzzy.gg() imple-

ments a Gath—Geva fuzzy clustering algorithm, which is an advanced variant of fuzzy c-means that

models clusters using both centroids and covariance matrices (so clusters can be ellipsoidal rather than

spherical).
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Modifiedfuzzy.gg<- function(X,

=

K)

m)
max.iteration,
threshold,
member.init,
RandomNumber=8,
print.result=8)

#Parameter Checker
if(missing(X))

return{"Data Unknownin")
if(missing(K)||K<2||!is.numeric(K))
{

Ke¢-2

cat("Default K=2\n")

if(missing(m)||m<1]|!is.numeric(m))
r
1

me-1.5

cat("Fuzzyfier unidentified/error/less than 1. Default Fuzzyfier (1.5) will be used.\n")

if(missing(max.iteration)||!is.numeric(max.iteration))
{

max.iteration<-1000

cat("Maximum Iteration 1080 will be used.\n")

if(missing(threshold)||!is.numeric(threshold))

T
L

threshold<-1e-9
cat("Default threshold l1e-9 will be used.\n")

#Dataset
data.X <- as.matrix(X)

Figure A.19: Python code script for MGGFCM model.
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#Dataset

data.X <- as.matrix(X)
n <- nrow(data.X)

p <- ncol({data.X)

#Initialized Membership Matrix
if(missing(member.init))

if (RandomNumber <= @ || !is.numeric(Randomhumber))

member . init<-membership(K=K,n=n)
} else
member . init<-membership(K=K,n=n,RandomNumber = Randomlumber)
} else if(!is.membership(member.init))

member.init<-as.matrix(member.init)
if(ncol{member.init) =K ||
nrow(member.init) I=n)

cat("Membership not applicable with other parameter™)
if (RandomNumber <= @ || !is.numeric(RandomNumber))
{
member. init<-membership (K=K, n=n)
} else
member. init<-membership (K=K, n=n,Randomlumber = RandomMumber)
} else member.init<-membership(member.init,K=K,n=n)
1 else

if(ncol({member(member.init))!=K| |nrow(member (member.init))!=n)

cat(“Membership not applicable with other parameter")
if (RandomMumber <= @ || !is.numeric(RandomNumber))
{
member. init<-membership (K=K, n=n)
} else
member. init<-membership (K=K, n=n,RandomNumber = RandomMumber)
- else

member . init<-as.membership(member.init)

Figure A.20: Python code script for MGGFCM model.
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member .init<-as.membership(member.init)

1
}
U<-member (member.init)

#Initialize Centroid Matrix V (K x p)
V <- matrix(@,K,p)

#Distance Matrix
D <- matrix{@,n,K)

#lovariance Cluster
F <- array(@,c(p,p,K))

iterationc-1
cat("\n")
repeat{
cat("\r",paste("iteration:\t",iteration))
U.old <= U
D.old <-D
V.old<-V
Vo<- t(U * m) %*% data.X / colSums(U * m)
for (k in 1:K)
{
F[,,k] = as.matrix(@,p,p)
F.bantu <- F[,,k]
for (i in 1:n)
{

F.bantu

(Uli,k] » 2) * (data.X[i,] - V[k,]) %*% t((data.X[i,] - V[k,]))+F.bantu

F.bantu = F.bantu / sum(U[,k] * m)
ai=sum{U[,k])

detMat= det(F.bantu)

#Distance calculation

for (i in 1:n)

I
L

D[
D[

i,k] = t(data.X[1,] - V[k,]) %*% (ginv(F.bantu,tol=0)) %*¥ (data.X[i,] -V[k,])
i,kl= (2*pi)*(n/2)*sqrt(detMat)*D[1i,k]/(ai/n)

Figure A.21: Python code script for MGGFCM model.
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UlL,K[= (2 Pl Iy 2y syri{ueri&ac U L, K 7 dL/TT)

[

#Update Fuzzy Partition Motrix
for (i in 1:n)

L U[l.'l] <=1/
(((pli,1) ~ (1 / (m - 1))) *

sum((1 / (D[4,1)) ~ (1 /(m - 1))))

.
1
if(any(is.na(U))==T||any(is.infinite(U))==T)
{

U<-U.old

Ve-V.old

D<-D.old

-I.
J

for (i in 1:n)
for (k in 1:K) {
if (U[i,k] < @)

Uli,k]l = @
else if (U[i,k] > 1)
Ui,k] = 1

func.obj = sum{U * m * D)
iteration = iteration + 1
if((max(abs{U.cld - U)) <= threshold) ||
(iteration » max.iteration))
break

-I.
J

rownames (U) < -rownames (X)
label<-apply(U, 1,
function(x) which.max(x))
result<-new("fuzzycluster”,
member=U,
centroid=V,

func.obj=func.obj,

Figure A.22: Python code script for MGGFCM model.
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T LAty i ii e g
result<-new( "fuzzycluster”,
member=LU,
centroid=sV,
func.obj=func.obj,
distance=D,
hard.label=label,
call.func=as.character(deparse{match.call()}),
fuzzyfier=m,
method.fuzzy="Gath Geva Clustering”
)
cat{"\nFinish :)\n")
if(print.result==1)
show(result)
return{result)

Figure A.23: Python code script for MGGFCM model.

A.2.4 MDFCM Python script

The script used for the MDFCM is the same as the CDFCM with introduction of XB index to check

whether clusters should be created (c + 1) or eliminated (c - 1).

A.2.5 Model Evaluation matrices Python scripts
A.25.1 Xie-Beni index script

Code Description: Figure shows function XB() that computes the Xie—Beni validity index, a
common metric used to evaluate the quality of fuzzy clustering results. It measures the ratio of intra-

cluster compactness (how tight clusters are) to inter-cluster separation (how far apart clusters are).
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def XB(data, clusters, centroids):
sse = SS5E({clusters, centroids)
min_dist = ({centroids[@] - centroids[1]) ** 2).sum()
for centroid i, centroid j in list(product(centroids, centroids)):
if (centroid i - centroid j).sum({) ==
continue
dist = ((centroid i - centroid j) ** 2).sum()
if dist < min_dist:
min_dist = dist
return sse / (data.shape[@] * min_dist)

Figure A.24: Python script XB Index evaluation.

A.2.5.2 Silhouette scores script

Code Description: Figure shows the function silhouette_method() that computes the Silhouette
Score for a clustering result, a value that measures how well each sample fits within its cluster compared

to other clusters.

def silhouette method(data,method,ypred):
L L R S ettt |
print({'Clustering ',method,” : silhouette score : ",silhouette score(data,ypred) )
silhouette method{cust scaled,’ : KMeans *,model.labels )
silhouette method({cust_scaled,’ : Fuzzy C-means’,clust_pred)
print('==========================================================s======================="

Figure A.25: Python script Silhouette scores evaluation.

A.2.5.3 Root Mean Square Error Python script

Code Description: Figure shows the RMSE() function that computes the Root Mean Square

Error, a standard metric for evaluating prediction accuracy, lower RMSE means better performance.
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import math
def RMMSE(K, n, RandomNumber=@):

#Dataset

data.X <- as.matrix(X)
n <- nrow(data.X)

p <- ncol(data.X)

y_actual = data.X
y_predicted = [1.6,2.5,2.9,3,4.1] #ideal target distances, these can be all zeros/ data dimesions must be considered

MSE = mean_squared_error(y_actual, y_predicted)
RMSE = math.sqgrt(MSE)

print("Root Mean Square Error:\n")
print (RMSE)

Figure A.26: Python script RMSE evaluation.
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