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Abstract: Many businesses send the same marketing message to every customer, which wastes budget
on customers who are unlikely to respond and under-serves the most valuable ones. This paper applies
data science techniques to segment the customers of an online retailer and to link each segment to a
practical marketing strategy. Using a sample of 150,000 transaction records from the public Online
Retail dataset, each customer’s Recency, Frequency and Monetary (RFM) values are calculated, log-
transformed and standardised, and customers are grouped with K-Means clustering. The Elbow
method, supported by the silhouette score, indicates four clusters. After cleaning, 2,225 customers
were segmented and labelled in business terms as Loyal, Big Spenders, New and At Risk. Loyal
customers form only 12.2% of the customer base but generate 51.6% of revenue, while At Risk
customers make up 42.0% of customers but only 9.9% of revenue. A targeted strategy is attached to
each segment, such as rewards for Loyal customers and win-back discounts for At Risk customers, and
the segments are presented in a dashboard of charts. The study shows that RFM-based K-Means
segmentation, when interpreted in business terms, can turn transaction data into actionable marketing
decisions.

Keywords: Customer segmentation, RFM analysis, K-Means clustering, Elbow method, data science,
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I. INTRODUCTION

Online retail generates a detailed record of every purchase: who bought, what they bought, when and for how much.
This data allows a business to understand its customers far better than traditional mass marketing does. Yet many
businesses still send the same promotions to all customers. A discount sent to a customer who would have bought
anyway reduces profit, while a generic message sent to a customer who is about to leave may not be enough to bring
them back.

Customer segmentation addresses this by dividing customers into groups with similar behaviour so that each group can
be treated differently. The RFM model is one of the most widely used approaches because it summarises customer
value with three simple measures: how recently a customer purchased (Recency), how often they purchase (Frequency)
and how much they spend (Monetary). Combined with clustering algorithms such as K-Means (MacQueen, 1967),
RFM allows segments to be discovered from data rather than defined by guesswork (Chen et al., 2012).

A. Research Problem
Businesses send the same marketing to all customers, which wastes money and misses opportunities to retain valuable
customers and win back inactive ones.
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B. Research Gap

Most studies apply K-Means to RFM data and report technical measures of cluster quality, but they do not explain the
resulting segments in business terms or suggest a specific marketing strategy for each segment. Without this final step,
segmentation results are difficult for marketing teams to act on.

C. Objectives

The objectives of this study are: (i) to calculate RFM values for each customer from transaction data; (ii) to group
customers using K-Means clustering, selecting the number of clusters with the Elbow method; (iii) to label each
segment in business terms such as Loyal, Big Spenders, New and At Risk; (iv) to recommend a marketing strategy for
each segment; and (v) to present the segments in a dashboard of charts.

II. LITERATURE REVIEW

Recent research (2024-2026) continues to combine RFM analysis with clustering, but differs in the algorithms used,
how the number of clusters is chosen, and whether results are turned into business actions. Rungruang et al. (2024)
proposed a hierarchical RFM segmentation approach using Formal Concept Analysis to produce structured and
interpretable customer groups. Wong et al. (2024) compared K-Means and hierarchical clustering on RFM data from e-
commerce transactions after log and Yeo-Johnson transformation, and found that hierarchical clustering performed
better, with a silhouette score of 0.47.

Vo et al. (2025) applied RFM-based K-Means to the Online Retail II dataset and focused on choosing the number of
clusters automatically with the Elbow method. Syahra et al. (2025) segmented 369 customers of a local retailer with
RFM and K-Means, used the Elbow method to select four clusters, and named them Loyal Customers, Potential
Loyalists, At-Risk Customers and One-Time Buyers to support customer relationship management. Zaghloul et al.
(2025) combined RFM, K-Means and a deep neural network to predict customer churn in online retail.

Ozcan (2026) extended the RFM model with additional behavioural variables and compared K-Means, K-Medoids and
fuzzy C-Means using a combined cluster-validity index. Handoko et al. (2026) identified five RFM segments, including
VIP, at-risk and new customers, with a silhouette score of 0.4464, and delivered promotion recommendations through a
web platform for a small store. Table 1 summarises these studies and the gap that this paper addresses.

Table 1. Summary of recent related studies (2024-2026)

Study Method Key Finding Gap Addressed in This Paper

Rungruang et al. | Hierarchical RFM | Structured, interpretable | No  marketing strategy or

(2024) segmentation using Formal | RFM segments dashboard attached to segments
Concept Analysis

Wong et al. (2024) |RFM with K-Means and | Hierarchical clustering | Technical comparison only;
hierarchical clustering; log and | performed better (silhouette | segments not  linked to
Yeo-Johnson transforms 0.47) marketing actions

Vo et al. (2025) RFM-based K-Means on | Automated choice of the |Focus on model building rather
Online Retail II; automatic k | number of clusters than business interpretation
with Elbow method

Syahra et al. (2025) | RFM, Min-Max scaling and K- | Four CRM segments: Loyal, | Small local dataset (369
Means; Elbow method (k =4) | Potential Loyalists, At-Risk, | customers); no revenue analysis

One-Time or dashboard
Zaghloul et al.|Hybrid RFM, K-Means and |Churn prediction for online | Predicts churn but does not
(2025) deep neural network retail customers define a strategy for every
segment
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Study Method Key Finding Gap Addressed in This Paper
Ozcan (2026) Extended RFM; K-Means, K- | Richer RFM variables and | More complex model; this
Medoids and fuzzy C-Means | combined validity index paper  keeps a  simple,

explainable RFM approach
Handoko et al.|RFM and K-Means on a web | Five segments (silhouette | Single small store; this paper
(2026) platform for a small store 0.4464) with  promotion | uses a larger public dataset and
recommendations revenue shares

III. METHODOLOGY
The study follows an applied, quantitative design. Figure 1 shows the full workflow, from raw transactions to segments,
strategies and a dashboard. The analysis was carried out in Python using pandas and scikit-learn (Pedregosa et al.,

@ ~ ~ Y U N\ B\
Transaction Data RFM Scaling K-Means Segments &
Data Cleaning Calculation + Elbow Strategy
> -+ > £ £
Online Retail Remove missing IDs, Recency, Frequency, Log transform Business labels,
. Test k = 2-10; : 3
sample, 150,000 cancellations, Monetary per and standard marketing actions,
: . choose k = 4
TOWS negative values customer scaling dashboard
& J P & P & P & J & J

Fig. 1. Methodology workflow for RFM-based customer segmentation.

A. Dataset and Data Preparation

The Online Retail dataset (Chen, 2015), first analysed with RFM by Chen et al. (2012), contains transactions of a UK-
based online retailer that sells gift items. As the full file is large, this study used a sample of the first 150,000
transaction lines, covering 1 December 2010 to 8 April 2011. Records without a customer ID (46,477 rows), cancelled
invoices (2,597 rows), rows with zero or negative quantity or price (10 rows) and duplicate records were removed,
leaving 99,591 valid transaction lines from 2,225 customers in 30 countries (Table 2).

Table 2. Dataset sample and data preparation

Item Value
Sample size (transaction lines) 150,000
Period covered 1 Dec 2010 — 8 Apr 2011
Rows without customer ID (removed) 46,477
Cancelled invoice rows (removed) 2,597

Rows with zero or negative quantity or price (removed) 10

Valid transaction lines after cleaning 99,591
Unique invoices 5,010
Unique customers 2,225
Countries 30

Total revenue of sample (£) 2,304,280.08

B. RFM Calculation
A snapshot date of 2011-04-09, one day after the last transaction, was used. For each customer, Recency is the number
of days between the last purchase and the snapshot date; Frequency is the number of distinct invoices; and Monetary is
the total amount spent, calculated as quantity multiplied by unit price and summed across all purchases.
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C. Scaling and K-Means Clustering

RFM values are highly skewed: most customers buy once and spend modestly, while a few buy very often and spend
heavily. Each variable was therefore log-transformed and then standardised to zero mean and unit variance, so that no
single variable dominates the distance calculation. K-Means then assigns each customer to the nearest of k cluster
centres and iteratively updates the centres to minimise the within-cluster sum of squares (MacQueen, 1967).

D. Choosing the Number of Clusters

K-Means was run for k = 2 to 10. The Elbow method plots the within-cluster sum of squares against k and selects the
point where adding more clusters gives only small improvements. The silhouette score, which measures how well each
customer fits its own cluster compared with the nearest other cluster, was used as a supporting check (Rousseeuw,
1987).

E. Segment Labelling and Strategy

Each cluster was described by its average Recency, Frequency and Monetary values, its number of customers and its
share of total revenue. Clusters were then given business labels and matched with a marketing strategy, and the results
were combined into a dashboard of charts.

IV. RESULTS AND DISCUSSION
A. Customer Behaviour Overview
Customer behaviour in the sample is highly uneven. The median customer last purchased 38 days before the snapshot
date, placed 1 order and spent £408.06. However, the average spend was £1,035.63 and the highest was £81,612.62,
and one customer placed 58 orders. This skew confirms the need for log transformation before clustering.
B. Optimal Number of Clusters
Figure 2(a) shows the Elbow curve. The within-cluster sum of squares falls sharply from 3,808 at k =2 to 2,906 at k =
3 and 2,276 at k = 4, after which the reductions become smaller (1,960 at k =5 and 1,724 at k = 6). The elbow therefore
occurs at k = 4. The silhouette score in Figure 2(b) is highest at k =2 (0.423), but two groups are too coarse for targeted
marketing; k = 4 keeps a score of 0.341, close to k = 3 (0.350) and clearly above k = 5 (0.285). Four clusters were
therefore selected as the best balance between statistical quality and business usefulness.

(a) Elbow method (b) Silhouette score
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Fig. 2. Selecting the number of clusters: (a) Elbow method and (b) silhouette score for k =2 to 10.

C. Customer Segments
Table 3 profiles the four clusters and the business label given to each. Figure 3 presents the segments as a dashboard.

Table 3. Profile of customer segments (k = 4)

Segment Customers | % Avg. Recency | Avg. Frequency | Avg. Monetary | % Revenue
Customers | (days) (orders) %)

Loyal 271 12.2% 13.5 7.55 4,389.96 51.6%

Big Spenders 572 25.7% 48.4 222 1,171.44 29.1%
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Segment Customers | % Avg. Recency | Avg. Frequency | Avg. Monetary | % Revenue
Customers | (days) (orders) %)

New 448 20.1% 9.7 1.57 485.19 9.4%

At Risk 934 42.0% 76.2 1.06 243.22 9.9%

Loyal. 271 customers (12.2%) purchased recently (on average 13.5 days ago), ordered most often (7.55 orders) and
spent the most (£4,389.96 on average). This small group generates 51.6% of revenue.

Big Spenders. 572 customers (25.7%) spent well (£1,171.44 on average across 2.22 orders) and contribute 29.1% of
revenue, but their last purchase was on average 48.4 days ago, so they need attention to keep them active.

New. 448 customers (20.1%) bought very recently (9.7 days on average) but only 1.57 times, spending £485.19 on
average. They are recent, low-frequency buyers who could become regular customers.

At Risk. The largest group, 934 customers (42.0%), bought about once (1.06 orders), spent little (£243.22) and have
not returned for 76.2 days on average. They contribute only 9.9% of revenue.

(a) Customers per segment (b) Share of total revenue
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Fig. 3. Customer segmentation dashboard: (a) customers per segment, (b) share of revenue, (c) average RFM values

and (d) recency versus monetary value for each customer.

D. Marketing Strategy for Each Segment

Table 4 links each segment to a targeted marketing strategy, so that budget is spent where it has the greatest effect.
Table 4. Recommended marketing strategy for each segment

Business Meaning

Recent, frequent, highest-spending

customers

Segment
Loyal

Recommended Strategy
Loyalty rewards and points, early access to new products,
VIP service; avoid unnecessary discounts
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Segment Business Meaning Recommended Strategy

Big Spenders High-value customers whose | Personalised recommendations, premium bundles, reminder
purchases are slowing emails before they lapse

New Recent buyers with few purchases Welcome series, second-purchase coupon, product guides to

build the buying habit

At Risk One-time, low-value, long-inactive | Win-back discount or free-shipping offer, re-engagement

customers email; low-cost channels only

E. Discussion

The results show a strong concentration of value. Loyal customers make up 12.2% of the base but produce 51.6% of
revenue, and together with Big Spenders they account for 37.9% of customers but 80.7% of revenue. In contrast, At
Risk customers are 42.0% of the base but bring in only 9.9% of revenue. Sending the same promotion to everyone
would therefore spend most of the budget on customers who generate the least value, while offering no special
recognition to the customers who matter most.

Unlike studies that stop at cluster-quality measures (Wong et al., 2024), this paper converts each cluster into a named
segment with a clear action. The silhouette score of 0.341 indicates that segments overlap to some degree, which is
common for real customer data; the business labels are therefore best treated as practical guides for marketing rather
than exact boundaries.

V. CONCLUSION

This study applied RFM analysis and K-Means clustering to a sample of the Online Retail dataset to replace one-size-
fits-all marketing with targeted strategies. The Elbow method identified four clusters, which were labelled as Loyal,
Big Spenders, New and At Risk. The segments differ sharply in value: a small Loyal group generates more than half of
revenue, while the largest group is inactive and low-value. Linking each segment to a specific strategy, such as rewards
for Loyal customers and win-back offers for At Risk customers, makes the segmentation directly useful for marketing
decisions, and the dashboard presents the results in a form that managers can understand.

The study has limitations. It used a sample covering about four months rather than the full dataset, so Recency values
are limited to this period, and RFM does not capture product preferences or customer demographics. Future work can
apply the method to the full dataset, compare K-Means with other clustering methods, add variables such as product
categories, and build an interactive dashboard that updates segments automatically as new transactions arrive.
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