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Abstract

This study aims to segment customers of the cat grooming service at Mocha Petshop using the K-Means Clustering algorithm and
the RFM (Recency, Frequency, Monetary) model. Using the Elbow method and Davies Bouldin Index (DBI) evaluation, three
optimal clusters were identified with a DBI value of 0.507. The results of the study show that there are three segments identified:
Best Customers with high loyalty, Ordinary Customers with moderate loyalty, and Lost Customers with low loyalty. Based on this
segmentation, a marketing strategy was designed using the STP (Segmentation, Targeting, Positioning) approach. For Best
Customers, the strategy focuses on exclusive services and reward points, while for Ordinary and Lost Customers, the strategy
includes education, discounts for first visits after inactivity, and discounts for subsequent services. Increasing transaction frequency
is key to improving loyalty and moving customers to the Best Customer segment, which ultimately increases retention or transaction
frequency at Mocha Petshop.
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1. Introduction

The Fourth Industrial Revolution, often termed Industry 4.0, is reshaping the foundations of competitive advantage
through pervasive digitization, automation, and data-driven decision-making [1]. The rapid emergence of new
industries and business models is disrupting incumbent sectors and reconfiguring global value chains [2]. In this
context, information technology acts as a double-edged sword: it enables process efficiencies, innovation, and market
expansion, yet it also intensifies rivalry as firms use digital tools to target the same customers in increasingly transparent
markets. As a result, product or service quality, though necessary, is no longer sufficient for sustained differentiation
[3], [4]. Firms must cultivate robust, trust-based customer relationships supported by integrated customer data,
personalized engagement, and responsive service delivery to increase retention and customer lifetime value [5], [6]. To
remain competitive, businesses should adopt coherent strategies that align digital investments with clear value
propositions, build dynamic capabilities such as rapid experimentation, continuous learning, and agile operations, and
implement governance that ensures cybersecurity, data privacy, and ethical use of artificial intelligence. These
capabilities enable organizations not only to anticipate and absorb disruptive shocks but also to convert technological
change into durable performance gains [7], [8].

Data-driven shifts in information technology and the internet are compelling firms to redesign marketing strategies to
sustain performance and growth, with analytics-enabled decision-making now central to competitive advantage [9].
The capacity to collect and analyze behavioural data improves understanding of customer preferences and shopping
journeys, enabling more relevant targeting, creative optimization, and offer design. Deeper audience insight should be
translated into test-and-learn programs, value-based segmentation, and loyalty mechanics so that relevance scales and
margins improve [4][6][8]. Relationship quality and rewards that are perceived as fair and personalized raise retention
and customer lifetime value, with recent evidence showing positive performance effects from well-designed loyalty
programs across categories and contexts [10], [11]. Yet a pronounced “personalization gap” remains: many brands
overestimate how well they personalize relative to consumer perceptions, and the shortfall is most visible in marketing
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communications [12]. For example, one recent retail study found that 71% of brands and retailers believe they excel at
marketing personalization while only 34% of consumers agree, underscoring the need to better connect data, content,
and channel execution [5]. Leaders that close this gap outgrow peers, with recent benchmarks linking advanced
personalization to meaningfully higher revenue growth.

Personalized relationships require more than excellent service; they require an individual understanding of each
customer, because personalization is now central to a satisfying experience and to building durable relationships [5],
[13]. Data-driven insight helps firms recognize needs, tailor content and offers, and coordinate channels at the moment
of choice [14]. Customer dissatisfaction has measurable costs for reputation and finance, since satisfaction and loyalty
behaviors are systematically linked to retention, word-of-mouth, sales, and firm performance [11], [15]. When
customers feel undervalued, they are more likely to switch, while well-designed personalization reliably raises
engagement and purchase propensity across digital contexts [16]. Therefore, companies should operationalize
personalization through trustworthy data use, continuous testing, and responsive service to sustain loyalty and profits

(51, [13].

Personalized customer relationships require more than excellent service; they demand individual-level understanding
grounded in data, because personalization is now central to customer experience quality and to building durable
relationships [5]. Recent evidence shows strong consumer expectations for tailored interactions, with large-scale studies
reporting that most customers expect personalization and become frustrated when they do not receive it, which in turn
depresses engagement and purchase behaviour [9]. Empirical research also links effective personalization to higher
satisfaction, loyalty, and firm performance, while dissatisfaction carries measurable reputational and financial costs [5],
[11]. In practice, brands that connect trustworthy data with content and channels outperform peers, yet a sizable
“personalization gap” persists between what brands believe they deliver and what customers perceive. Indonesia shows
similarly high stakes: recent findings report that a large majority of consumers will switch or abandon purchases when
experiences feel irrelevant, underscoring the need to operationalize real-time, transparent personalization at scale.
Companies should systematize this through rigorous testing, privacy-safe data use, and responsive service so that
relevance compounds into retention and profit growth.

Based on Twilio's States of Customer Engagement Report, brand personalization can be an effective tool for improving
positive consumer behaviour because consumers respond very well to personalization. For example, consumers are
more likely to make repeat purchases (48%), recommend the brand to friends and family (46%), click on links from the
brand (38%), and leave positive reviews (35%). By personalizing their messages, products, and services, companies
can build customer loyalty, encourage repeat purchases, boost word-of-mouth marketing, and increase customer
engagement. Interestingly, the State of Customer Engagement Report (2024) mentions that 73% of consumers in
Indonesia are willing to spend more money on personalization. This shows that consumers in Indonesia value
personalized experiences and are willing to pay for them.

Personalization is important for every customer to achieve marketing accuracy. The aim is to market each product and
service appropriately to each customer. One step in personalization is to identify or recognize all customers. One way
to identify customers is through customer segmentation. Customer segmentation is one method of customer relationship
management (CRM). By conducting customer segmentation, we can group customers based on specific characteristics,
such as demographics, behaviour, and preferences. This will help us to better understand the needs and desires of each
customer group, so that we can provide more effective personalization. The main objective of this segmentation process
is to understand consumer behaviour and implement the right customer retention strategies. Thus, companies can
increase profits and achieve long-term success.

Mocha Petshop has been offering grooming services and products for pet cats in Makassar since April 14, 2023.
However, amid fierce competition from numerous similar businesses, Mocha Petshop faces two main challenges:
competition that demands ways to stand out from competitors, and the use of a manual system for recording grooming
service transactions. Currently, transaction recording is done using physical forms for new customers and
communication via WhatsApp for customers who have previously transacted, without any customer segmentation or
personalization. Marketing is also only conducted through Instagram. Mocha Petshop can enhance its services and
customer loyalty by implementing Customer Relationship Management through personalization. Another challenge is
retaining profitable customers. Without segmentation and marketing personalization, Mocha Petshop finds it difficult
to understand and meet the specific needs of various customer groups. By adopting customer segmentation, Mocha
Petshop can more effectively identify customer characteristics and behaviours, enabling the development of targeted
marketing strategies. This step is expected to help Mocha Petshop compete better, improve operational efficiency, and
retain customers who contribute significantly to revenue.
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Data mining enables customer segmentation through the K-Means Clustering method. This grouping helps
organizations formulate targeted and effective marketing strategies to reach the right target market [17]. This clustering
method determines the desired number of clusters (groups), then groups customers into these clusters based on their
similar characteristics [18]. Based on the above issues, this study will examine two main problems, namely, first,
identifying customer segments at Mocha Petshop using the K-Means Clustering method and, second, designing an
effective marketing strategy for Mocha Petshop based on the results of customer segmentation.

2. Method

This study is a descriptive study with a quantitative approach. quantitative research is based on the philosophy of
positivism, in which research is conducted by taking samples from a specific population. The results of the research are
presented in the form of numbers obtained through quantitative data collection. Descriptive research, on the other hand,
aims to describe the status of human groups, objects, conditions, thoughts, or events that are occurring. This research
was conducted at Mocha Petshop, Makassar, and focused on cat grooming service customers. The data used was
customer transaction data, which included information such as transaction date, customer ID, type of grooming, total
grooming, grooming price, and total price.

Business Understanding —> Interpre@atlon o
Segmentation Results
Data Understanding Marketing Strategy Design
Preprocessing Data Conclusion
Clustering
Elbow Method
Davies-Bouldin Index Validation | ——
Clustering with K-Means

Fig. 1. Research Design

The research design used in this study is as follows First, Business Understanding, this stage focuses on understanding
the objectives and problems of Mocha Petshop's business, such as manual grooming service transactions and
competition with two nearby stores. In-depth interviews with the owner and staff revealed that the marketing strategy
was only through Instagram without personalization. The purpose of the research is to improve marketing effectiveness
through customer segmentation. Second, Data Understanding, this stage involves describing and exploring transaction
and customer data for grooming services. Initial data analysis helps to understand customer characteristics and behavior,
with only relevant and high-quality data selected for further analysis. Next, Preprocessing Data where data is prepared
for mining using the RFM (Recency, Frequency, Monetary) model for customer labeling. This process uses Excel for
digitization and Python for data selection and scoring, ensuring that the variables used can produce optimal clusters.
Fifth, Clustering using the Elbow method is used to determine the optimal number of clusters, followed by validation
with the Davies Bouldin Index. The K-Means Clustering algorithm is applied to group customers based on similar
characteristics, ensuring that customer segments are well formed. The last, Interpretation of Results and Marketing
Strategy, the results of the research are in the form of customer clustering data analysis and marketing strategy
recommendations. The recommendations aim to increase revenue and customer satisfaction, as well as support the
growth of Mocha Petshop's business amid competition.

Data analysis techniques encompass various methods and approaches designed to process, analyze, and understand
data. This process aims to extract valuable information and identify patterns, relationships, and trends contained within
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the data. Thus, data analysis helps generate relevant conclusions to answer research questions or support the
achievement of predetermined study objectives.

2.1. RFM Analysis (Recency, Frequency, Monetary)

RFM analysis is a method used to categorize customers based on three main aspects, namely Recency, the period of
time since the last purchase, the shorter this period, the greater the likelihood of repeat purchases. Frequency, the
number of purchases made within a certain period; a higher frequency indicates a greater level of loyalty. Monetary,
the amount of money spent during a certain period; a higher value indicates that the company needs to pay more
attention to these customers[19], [20].

Table 1. RFM Model Attributes
Attributes Description
Recency is the time between the last transaction made by a customer with Mocha
Petshop during the analysis period.

Recency Recency = Date of Research - Date of Last Transaction
(®)
Example:
If the last transaction date is June 30, 2024, and the analysis period ends on July 1,
2024, then the recency is 1 day. Therefore, the recency value is 1.
Frequency measuring the number of transactions made by customers at Mocha
Petshop during the analysis period.

Frequency (F) Example:

If customer M003 made 8 transactions at Mocha Petshop during the analysis period,
then the frequency value is 8.

Monetary refers to the total amount of money spent by customers at Mocha Petshop
during the analysis period.

Monetary (M) Example:

If customer M003 spends Rp. 500,000 on transactions at Mocha Petshop during the
analysis period, then the monetary value is Rp. 500,000.

The next step is scoring by converting the values of the R, F, and M attributes into scores from 1 to 4, where 4 is the
highest score. Scoring is done by dividing the data for each attribute into quantiles, which are four equal groups. For
the recency attribute, the smallest value (most recent) receives the highest score, while the frequency and monetary
attributes are sorted from largest to smallest to receive the highest score. These scoring results enable Mocha Petshop
to identify customer segmentation and design more effective marketing strategies.

2.2. Elbow Method

The elbow method uses the principle of determining the best cluster value based on a significant decrease in the sum
of square error (SSE) that forms an elbow-like pattern[21], [22]. Thus, the quality of the resulting clustering becomes
more optimal and can maximize the more dominant groups. The percentage difference in results for each cluster value
can be visualized through a graph as a source of information. If the first cluster value compared to the second cluster
value forms an angle on the graph or shows the most significant decrease, then that cluster value is considered the best.

k
SSE = Z Z D(xi, Ci)z
i=1 X;EC;

where:

k = is the number of clusters

x; € C; = is the membership value of data point x; to cluster center C;

C; = is the center of the i-th cluster

D(x;, C;) = is the distance from point x; to the group C; that is followed

2.3. K-Means Clustering

The K-Means algorithm is a popular clustering technique in unsupervised learning that divides data into clusters based
on similarity of characteristics[23]. The goal is to minimize variance within clusters and maximize variance between
clusters. Unlike hierarchical methods, K-Means directly separates data into desired clusters by determining initial
centroids, then grouping data based on Euclidean distance to the nearest centroid. Designed for numerical data, this
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algorithm calculates the distance between data points and groups them based on their similarity. The advantages of K-
Means lie in its efficiency in handling large-scale data and its resistance to outliers, making it an ideal choice for
complex numerical data analysis[23], [24]. To perform the K-means algorithm, the following basic algorithm is
generally used (1) Determine the number of clusters or k value to be used by employing the elbow method, (2)
Determine the centroid randomly in the data, and (3) Calculate the distance of the object to the centroid. The distance
between each data point and the centroid of each cluster is calculated using the Euclidean Distance formula with the
equation below:

d(x,y) = Xt (= y)?

where:
x; = is the i-th coordinate of data point x
y; = is the i-th coordinate of data point y
n = is the number of dimensions (number of coordinates)
1) Group each data point into clusters with the nearest centroid (smallest distance).
2) Recalculate the centroid position by taking the average of the data in each cluster using the formula below:

1
Ce = 2d;
where:
ny = is the amount of data in cluster k
d; = is the sum of the distance values in each cluster

The K-Means process is repeated until the centroid positions and data clustering are stable. At each iteration, the
distance between the data and the centroid is calculated using the Euclidean formula, then the data is grouped into
clusters with the nearest centroid. The centroid position is updated based on the average position of the data in the
cluster, and this process continues until there is no change in the centroid position or data clustering.

2.4. Davies-Bouldin Index

The Davies-Bouldin Index (DBI) is one of the methods used to measure the validity of grouping in clustering methods.
Measurements using the Davies-Bouldin Index aim to maximize the inter-cluster distance while minimizing the intra-
cluster distance[25], [26]. Maximum inter-cluster distance indicates that the characteristics between clusters have low
similarity, making the differences between clusters more apparent. Meanwhile, minimal intra-cluster distance indicates
that each object within a cluster has a high level of similarity in characteristics. Clustering results are obtained from the
determination of the centroid, which is then evaluated using the DBI method. A smaller DBI value indicates better
cluster quality. This makes it possible to determine the correlation between the centroid determination method based
on Sum of Squared Error (SSE) and the improvement in cluster quality as measured by the DBI value. The calculation
of the Davies-Bouldin Index (DBI) begins with calculating the sum of squares within clusters (SSW), which is used to
determine the cohesion value in cluster i. The formula is as follows:

1 i
SSW; = ;1271:1 d(xj, ;)

where:
m; = is the amount of data in cluster i
¢ = is the centroid of the i-th cluster

d(xj, ¢;) = is the distance from data x; to centroid c;
The next step is to calculate the separation between clusters using the equation below:

where:
d(i,j) =1is the Euclidean distance between data point i and data point j

Next, calculate the ratio of the SSW and SSB calculations using the equation below:
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SSWi+SSWj
Ri L= —
J SSBij

For the final step, use the equation below to obtain the Davies Bouldin Index (DBI) value:

1k
DBI = —Z maxi # j (R;;)
k i=1 k
where:

k = is the number of clusters counted

The smaller the DBI value obtained, i.c., a value close to 0 or equal to 0, the better the quality of the clusters from the
grouping results. The DBI value will be calculated for K-Means. Then, this DBI value will be used to evaluate the
performance of the clustering method.

3. Results and Discussion

3.1. Business Understanding

Mocha Petshop, an SME engaged in cat grooming products and services, is in Makassar City. Mocha Petshop offers a
variety of cat supplies and services such as sterilization, vaccination, and various types of cat grooming. From June
2023 to June 2024, Mocha Petshop has served 35 customers for grooming services with varying frequencies, especially
increasing on weekends. However, Mocha Petshop faces several significant challenges. Manual transaction systems
and marketing only through Instagram without segmentation or personalization, as well as fierce competition with two
similar businesses within a 2-kilometer radius and many other competitors in Makassar, hinder efforts to understand
and meet specific customer needs. Adopting customer segmentation using the K-Means Clustering method can help
Mocha Petshop better identify customer characteristics and behaviors. This step is expected to develop more targeted
marketing strategies, increase customer satisfaction, build stronger loyalty, and improve operational efficiency in a
competitive market.

3.2. Data Understanding

Mocha Petshop transaction data was originally in physical document form and needed to be digitized into Excel format.
The data columns provided by the owner included Date, Customer Name, Grooming Type, Number of Grooming
Sessions, and Price per Grooming Type. After reorganization, the data columns became Date, Customer ID, Grooming
Type, Number of Grooming Sessions, Price per Grooming Type, and Total Price.

Distribution of Grooming Service Transaction Frequency per Customer

Total Customer

o M‘E—E—Q
0 H 10 15 20 25
Transaction Frequency

Fig. 2. Grooming Frequency Distribution per Customer

Data analysis shows that most customers only make one grooming transaction, with transaction frequency decreasing
dramatically thereafter. Only a few customers make more than five transactions, indicating that most are infrequent
users of grooming services or are trying the service for the first time.

3.3. Preprocessing Data

To perform clustering, Mocha Petshop only requires a few key attributes, which are selected using the RFM (Recency,
Frequency, Monetary) model to reduce relevant data. The Recency attribute is obtained from the date column,
Frequency from the Customer ID column to protect privacy, and Monetary from the Total Price column.
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Table 2. Transaction Data in RFM Model Form

Customer ID Recency Frequency Monetary
MO001 19 28 4120000
MO002 323 2 70000
MO003 28 23 1895000
MO35 153 1 85000

The Recency value is calculated by measuring the distance between the customer's last transaction date and one day
after the most recent date in the data. Frequency is calculated based on the number of transactions in a year, and
Monetary is calculated from the total customer spending on grooming services in a year. This process is carried out for
each customer to obtain the Recency, Frequency, and Monetary values.

Table 3. REM Scoring

Customer ID R score F Score M Score
MO001 4 4 4
M002 1 1 1
MO003 3 4 3
MO035 1 1 1

After the RFM values are obtained, an assessment is carried out using the quantile method (25, 50, 75, 100) with if-else
logic in Python. For Recency, a score of 4 is given if the value is small, indicating a recent transaction, and a score of
1 if the value is large. Conversely, for Frequency and Monetary, a score of 4 is given if the value is large, indicating
frequent transactions and large expenditures, and a score of 1 if the value is small. This process is repeated to obtain
the RFM score for each Mocha Petshop customer.

3.4. Clustering

Modeling using data mining techniques, specifically clustering with the K-Means algorithm, was applied to 173 Mocha
Petshop customer transaction data. K-Means Clustering grouped customers based on similar characteristics, using RFM
(Recency, Frequency, Monetary) model attribute scores. Before clustering, the elbow method was used to determine
the optimal k value or number of clusters, which was k=3, resulting in three customer segments.

Elbow Method For Optimal K

120 4
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80 -

60 1
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40 4

201

2 4 6 8 10
Cluster Number

Fig. 3. Elbow Method

The elbow method determines the optimal number of clusters by calculating the Sum of Squared Errors (SSE) for
various values of k. The SSE decreases rapidly at first and slows down after a certain point, forming an “elbow” on the
graph. In the case of Mocha Petshop, k=3 was chosen because the decrease in SSE began to slow down at this point,
resulting in three efficient customer segments without adding complexity.

Table 4. Davies-Bouldin Index Evaluation Results

Number of Clusters Davies-Bouldin Index
2 0.727
3 0.507

Table 4 shows The Davies—Bouldin Index to evaluates cluster quality on the principle that lower values indicate tighter,
better-separated groups; in your results, k =2 yields a DBI of 0.727, suggesting at least one cluster remains diffuse or
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close to its neighbor, while k = 3 reduces the DBI to 0.507, an improvement of roughly thirty percent in the
compactness-versus-separation trade-off. This clear drop implies that splitting the population into three clusters resolves
previously mixed behavior into more homogeneous and distinct segments, making the profiles more stable and
interpretable. Practically, this supports selecting three clusters as the optimal solution for customer segmentation and
using them to tailor strategies—for example, protect-and-grow for the highest-value segment, repeat-purchase
activation for the middle segment, and win-back or low-cost outreach for the at-risk segment.

3D Plot of RFM Clusters

e Clusterl
e Cluster2
e Cluster3

25
Score

35
10
4.0

Fig. 4. Clustering Results with 3D Plot

The 3D plot visualization shows the clustering results with 3 clusters, based on RFM attribute scores. This cluster
consist of three groups: red (Cluster 1), green (Cluster 2), and blue (Cluster 3). The green points concentrate at higher
Frequency and higher Monetary with medium-to-high Recency, indicating loyal, high-value customers who purchase
often and spend more; the blue points have medium-to-high Recency but lower Frequency and Monetary, suggesting
newer or recently active customers who have not yet built purchasing depth; and the red points lie at lower Frequency
and Monetary with lower Recency, representing lapsed or at-risk customers with infrequent, low-value activity. The
clear separation among colors implies that RFM features effectively distinguish behavior, making these clusters
actionable for targeted strategies such as protect-and-grow for green, nurture and repeat-purchase activation for blue,
and win-back campaigns for red.

Identification of Characteristics of Each Cluster Based on RFM Attributes

rrrrrrrrrrrrr

Fig. 5. Identify the Characteristics of Each Cluster

The line plot profiles three clusters by their average RFM scores, letting you compare how recently they buy, how often
they buy, and how much they spend. The green line (Cluster 2) stays consistently high—its Recency is near the top of
the scale and, although Frequency dips relative to its own Recency and Monetary, it remains above the other clusters,
Monetary rises again to the highest level. This is your “high-value” segment: customers purchased recently, buy
relatively often, and spend the most. The red line (Cluster 1) sits low across all attributes, with modest Recency and the
lowest Frequency and Monetary, indicating lapsed or low-engagement customers whose purchases are infrequent and
low value. The blue line (Cluster 3) starts high on Recency, drops sharply on Frequency, then recovers slightly on
Monetary, suggesting newly acquired or recently reactivated customers who have shown interest or made a recent
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purchase but have not yet built repeat behavior or consistent spend. Read left-to-right, the vertical gaps between lines
quantify how segments differ by attribute: the largest gap appears at Monetary (green > blue > red), confirming where
value concentrates; the steep decline in the blue line from Recency to Frequency highlights a conversion opportunity
from first to repeat purchase; and the consistently low red line flags a win-back challenge. In practice, prioritize “protect
and grow” tactics for Cluster 2 (VIP benefits, tailored bundles), onboarding and repeat-activation programs for Cluster
3 (timely reminders, cross-sell), and reactivation or cost-controlled outreach for Cluster 1 (limited-time offers, feedback
prompts).

3.5. Interpretation of Segmentation Results

The average RFM score is used to determine the potential ranking of each cluster. With clusterization line plots, RFM
attributes are ranked to assess the potential of each cluster.

Table 5. RFM Attribute Rank in Each Cluster

Rank Cluster Symbol Rank Label Potentiall
1 2 RTFT M1 Best Customer High
2 3 RTF| M| Ordinary Customer Medium
3 1 RIF| M| Lost Customer Low

Customers are analyzed based on their RFM attribute ratings. Cluster 2, with high ratings on all attributes, is called
“Best Customer.” Cluster 3, with high ratings on R and low ratings on F and M, is called “Ordinary Customer.” Cluster
1, with low ratings on all attributes, is called “Lost Customer.”.

Table 6. Characteristics of Each Cluster
Cluster Characteristics Label
Customers in cluster 2 are customers with a very high level.
Customers who last made a transaction within the last 16-76 days.
Customers who have made 10-28 purchases.
Customers with a transaction amount above Rp 2,025,000.
Customers who last made a transaction within the past 16-76 days.
Customers who have made 1-10 purchases. Ordinary
Customers who only have transactions totaling Rp. 680,000 or less. Customer
Customers with average loyalty levels or new customers in 2024.
Customers who last made a transaction between 125 and 323 days
ago.
2. Customers who have made a maximum of 4 purchases.
1 3. Customers who have only made transactions totaling Rp. 170,000 or Lost Customer
less.
4. Customers who have never made a transaction at Mocha Petshop
again.

Best Customer

bl S o Ealad M

The customer segmentation table groups buyers into three actionable clusters—Best Customers with high transactions
and loyalty, Ordinary Customers with moderate activity who need retention tactics, and Lost Customers with infrequent
purchases and elevated churn risk—and the study operationalizes these insights through the classic Segmentation,
Targeting, and Positioning framework to craft strategy for Mocha Petshop [27]. Using K-Means is appropriate for this
task because it partitions numerical RFM features into behaviorally coherent groups at scale and is widely validated in
recent research[20], [28]. Consistent with STP logic, Targeting emphasizes the high-value cluster, here cluster 2, to
protect and grow revenue, while Positioning and programs for the Ordinary segment aim to raise purchase frequency
and spend, and reactivation programs for the Lost segment focus on improving all RFM attributes and reducing
churn[11], [15].

In the positioning stage, Mocha Petshop's marketing strategy will focus on cluster 2 (Best Customers) by promoting
itself as the best and most exclusive grooming service provider. Customers in this segment will receive special offers,
exclusive discounts, priority access, and highly personalized services. This is expected to maintain their loyalty. Other
segments, such as “Ordinary Customers” and “Lost Customers,” will also be given attention to improve their RFM
attributes. Marketing strategies for cluster 2 (Best Customers) include exclusive services such as priority access to
grooming slots, reward points, and flexible reservations. For cluster 3 (Ordinary Customers) and cluster 1 (Lost
Customers), the strategy focuses on educating them about the importance of routine care, reward point programs, and
significant discounts. Increasing retention or transaction frequency is considered key to improving customer loyalty, as
increased transaction frequency will also improve the Recency and Monetary attributes, ultimately turning customers
into “Best Customers”.
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4. Conclusion

This study identifies three actionable customer segments at Mocha Petshop using RFM-based K-Means clustering and
validates the three-cluster solution with internal metrics, then maps the segments to an STP strategy. Best Customers
exhibit high loyalty and value; the recommended focus is protecting and growing this group through exclusive services,
priority booking, and reward points that reinforce advocacy and repeat purchases. Ordinary Customers show medium
loyalty; the strategy emphasizes frequency-building tactics such as education on routine care, personalized reminders,
and stepwise incentives to raise visit cadence and basket size. Lost Customers have low loyalty and elevated churn risk;
reactivation is pursued with welcome-back offers, discounts on the first visit after inactivity, and follow-on grooming
discounts. The overarching lever is increasing transaction frequency so that improvements in R, F, and M move
customers into the Best Customer tier, lifting retention and total revenue.

The research has several limitations. Results come from a single setting and a cross-sectional snapshot, so findings may
not generalize across time, locations, or product mixes. Feature space is restricted to RFM, excluding variables such as
service category, channel, demographics, or promotion exposure; K-Means also assumes roughly spherical clusters in
Euclidean space and can be sensitive to scaling and outliers. Model validation relied primarily on internal indices,
limiting causal interpretation of marketing effects. Future work should incorporate multi-period data, test alternative
algorithms and initializations, and triangulate validity with Silhouette and Calinski-Harabasz scores and stability
checks across seeds. Most importantly, run controlled field experiments or A/B tests on the proposed offers to estimate
incremental lift and profitability by segment, and extend the feature set to include service usage, campaign history, and
predicted churn or lifetime value to refine targeting and budgeting.
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