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Abstract—Understanding consumer behavior and 

making accurate predictions about their propensity to 

return are essential for increasing customer lifetime 

value and retention in the cutthroat world of 

contemporary retail. Despite being a popular 

technique for determining customer value, the 

traditional Recency, Frequency, and Monetary (RFM) 

analysis frequently fails in dynamic markets because it 

relies on rule-based models and static clustering 

techniques that do not support customized marketing 

strategies. These restrictions lead to the treatment of 

consumer segmentation and reactivation as distinct 

procedures, which lowers the efficacy of marketing as 

a whole. This research combines RFM analysis with 

Random Forest classification and K-Means clustering 

to provide a data-driven, integrated approach that 

improves client reactivation efforts. The method uses 

unsupervised K-Means clustering to first divide up the 

customer base according to their buying patterns. 

Then, it uses the cluster characteristics that are 

produced in a supervised Random Forest model to 

forecast the chance that inactive customers would 

reactivate. A more sophisticated and predictive 

knowledge of consumer dynamics is guaranteed by the 

model's integration of the advantages of supervised 

and unsupervised learning. When applied to a real- 

world retail dataset, the framework demonstrated a 

great clustering performance, exhibiting meaningful 

and well-separated clusters with a Calinski-Harabasz 

Index of 14,913.66 and a Silhouette Score of 0.5524. 

Furthermore, 97.8% classification accuracy and zero 

misclassifications were attained by the prediction 

model on the test set, indicating its practical 

applicability and resilience. The creation of more 

focused and successful marketing campaigns is made 

possible by this thorough technique, which closes the 

gap between client segmentation and reactivation 

forecast. Finally, by assisting in the creation of 

intelligent CRM (Customer Relationship 

Management) systems that maximize marketing 

budgets and enhance customer retention through 

prompt and tailored re-engagement campaigns, the 

research provides a promising avenue for further 

research in predictive customer analytics. 

 

Keywords— Customer Reactivation, RFM Analysis, 

Customer Segmentation, K-Means Clustering, Random 
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I. INTRODUCTION 

 

Retaining and reactivating customers has become 

essential for maintaining business growth and 

profitability in the modern digital economy. 

Revenue must put in place efficient tactics that 

promote repeat business and re-engage dormant 

Customers because acquiring new customers 

frequently comes with higher costs than keeping 

existing ones. The RFM analysis (Recency, 

Frequency, Monetary) is one of the fundamental 

models used in consumer segmentation. Three 

factors are used in this approach to assess a 

customer's value: the frequency of their purchases, 

the amount they spend, and the recentness of their 

purchases (Alet Vilaginés, 2020), as illustrated in 

Figure 1. Finding high-value Customers and 

adjusting marketing tactics appropriately have been 

made possible thanks in large part to RFM analysis. 

 

But there are drawbacks to standard RFM analysis, 

especially with regard to its static character and 

incapacity to record intricate Customer behaviors 

over time (Ho et al., 2023). A more dynamic and 

perceptive method of consumer segmentation and 

retention is provided by combining RFM analysis 

with machine learning approaches, such as time 

series forecasting and clustering algorithms, to 

address these issues (Lewaaelhamd, 2023). 

The effectiveness of K-Means clustering, an 

unsupervised machine learning approach, in 

dividing datasets into discrete groups according to 

feature similarity is well known (Huang et al., 2021). 

K- Means clustering can reveal hidden patterns and 

divide consumers into meaningful groups when 

applied to RFM variables, enabling more focused 

marketing campaigns. For example, a study by 

(Wong et al., 2024) showed how well RFM analysis 

and K-Means clustering work together to discover 

Customer categories with unique buying patterns, 

which results in more specialized marketing tactics. 

Time series prediction algorithms like Prophet and 

ARIMA (Auto Regressive 
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Integrated Moving Average) have shown promise in 

predicting customer behavior over time in addition 

to clustering (Liço et al., 2021). Businesses can 

proactively engage customers before they churn by 

using these algorithms to forecast future purchasing 

trends. For instance, (Xiahou & Harada, 2022) 

modelled customer lifecycle behavior using time 

series analysis, which helped them understand 

retention dynamics and guide reactivation tactics. 

 

A thorough framework for comprehending and 

influencing consumer behavior is produced by 

combining RFM analysis with K-Means clustering 

and time series prediction. Businesses can use this 

integrated strategy to predict future behaviors and 

segment Customers based on past purchasing data, 

resulting in more timely and effective marketing 

interventions. The integration of various approaches 

has been the subject of numerous studies. To 

improve consumer segmentation and product 

recommendation, for example, (Xian et al., 2022) 

suggested a model that combines RFM analysis 

with K-Means clustering, displaying improved 

marketing response. In a similar vein, (Sarkar et al., 

2024) examined the effectiveness of K-Means 

clustering in consumer segmentation, obtaining a 

high 95% accuracy rate in classifying customers 

according to common behaviors. Furthermore, these 

methods are used outside of the retail industry. 

(Dodda et al., 2024) used RFM variables in 

conjunction with deep neural networks to forecast 

customer turnover in the financial sector, 

demonstrating the adaptability and efficacy of 

fusing conventional and cutting- edge analytical 

techniques. 

 

 
Figure 1.K-Means clustering and time series prediction 

 

Notwithstanding the proven advantages, there are 

still obstacles to overcome in order to apply these 

integrated models, such as problems with data 

quality, interpretability of the models, and the 

requirement for domain-specific modification. 

Continuous research and development is necessary 

to address these issues in order to improve 

techniques and modify them for various business 

situations. By creating a solid framework that uses 

RFM analysis, K-Means clustering, and time series 

prediction to improve Customer reactivation tactics, 

this study seeks to advance this rapidly emerging 

subject. We want to verify this framework's efficacy 

in identifying lucrative consumer segments, 

predicting future behaviors, and guiding focused 

marketing activities by applying it to real-world 

transactional data. 

 

This paper's remaining sections are organized as 

follows: In Section 2, pertinent research on time 

series forecasting, clustering techniques, and RFM 

analysis in consumer segmentation is reviewed. The 

technique, including data preparation, model 

construction, and evaluation measures, is 

described in Section 3. The analysis and 

experimental findings are shown in Section 4. The 
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conclusion, practical ramifications, and future 

research objectives are finally covered in Section 5. 

 

1.1 Objectives 

• To segment customers using RFM analysis 

based on recency, frequency, and monetary 

value. 

• To build predictive models to identify 

customers likely to reactivate. 

• To assess the impact of data-driven 

targeting strategies on customer 

reactivation. 

• To compare the accuracy of various 

predictive models in forecasting 

reactivation. 

• To suggest actionable strategies for 

enhancing customer retention and 

reactivation. 

• To evaluate the effect of predictive 

reactivation strategies on key business 

metrics. 

 

1.2 Rationale of the Study 

Because gaining new consumers is more expensive 

and difficult in today's cutthroat digital market, firms 

are under more pressure to keep their current 

clientele and re-engage inactive ones. Based on 

past purchase patterns, traditional RFM (Recency, 

Frequency, Monetary) research has long been the 

cornerstone of customer segmentation, assisting in 

the identification of high-value clients. Its static 

structure, however, makes it more difficult to record 

dynamic shifts in consumer behavior over time. The 

classic RFM strategy urgently needs to be improved 

with more predictive and adaptable technologies as 

data-driven initiatives gain popularity and customer 

interactions grow more complicated. In addition to 

improving consumer segmentation, combining 

RFM research with machine learning methods like 

K-Means clustering and time series forecasting 

helps companies predict customer behavior and 

customize timely, individualized marketing 

campaigns. 

 

The necessity to develop a thorough, data-driven 

framework that enhances the accuracy and 

effectiveness of client reactivation tactics is what 

motivates this research. 

 

1.3 Novelty of the Study 

This research is innovative because it creates a 

comprehensive framework for customer reactivation 

by combining RFM analysis, K-Means clustering, 

and time series forecasting. This study suggests a 

unified approach that captures both the past 

purchase behavior and future behavioral tendencies 

of consumers, while prior research has examined 

each of these strategies separately or in partial 

combinations. The article presents a dynamic 

method that overcomes the drawbacks of 

conventional RFM analysis by using time series 

models like ARIMA and Prophet for behavioral 

prediction and unsupervised learning for 

segmentation. Furthermore, the model's 

adaptability and usefulness are shown by applying it 

to actual transactional data from a variety of sectors, 

including retail and banking. This combination 

strategy not only makes client categories easier to 

understand, but it also gives companies the 

flexibility to take proactive measures, which boosts 

reactivation campaign effectiveness and lowers 

customer attrition. 

 

II. LITERATURE REVIEW 

 

(Ernawati et al., 2021a) analyzed data mining 

methods that collaborate with the Recency 

Frequency Monetary (RFM) model to propose a 

customer segmentation framework. The study uses 

a literature review from 2015-2020 and presents a 

new framework for using DM methods with RFM-

based segmentation in Geographic Information 

Systems (GIS). The framework helps analysts 

understand customer characteristics, setting the 

target market and developing a marketing strategy to 

increase competitive advantage, as summarized in 

Table 1. Sabuncu et al. (SABUNCU et al., 2020) 

Used the RFM model to segment customers based 

on their lifetime value. Data from a fuel station in 

Istanbul, Turkey, includes demographic 

characteristics, RFM scores, and cluster analysis. 

Results show that truck drivers are the most 

valuable customers, despite fuel station managers' 

belief. Recommendations are made based on 

customer profiles of VIP and GOLD segments, 

highlighting the importance of customer 

segmentation in business. 

 

Rahul sirole et al. (Shirole et al., 2021) focuses on 

customer segmentation to gain an edge in 

competition. It uses a data science model to form 

customer clusters using k-means clustering and 

RFM model. The UK's E-commerce dataset is used 

for machine learning, analyzing purchasing 
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behavior. The model also includes a web model for 

e-commerce startups and business analysts to 

analyze their own customers. This helps target 

customers and maintain good customer 

relationships. The rise in online purchases has 

necessitated a better understanding of customer 

purchasing behavior. Retail companies face high 

volume of purchases, necessitating efficient 

customer segmentation. (John et al., 2023) develops 

a customer segmentation model using a UK- based 

retail dataset. The model uses the RFM framework 

and compares various clustering algorithms, with 

the Gaussian mixture model (GMM) showing 

superior performance with a Silhouette Score of 

0.80. 

 

Kalusivalingam et al. (Kalusivalingam et al., n.d.) 

combines K-Means clustering and neural network 

classifiers to improve customer segmentation 

practices. It uses K-Means clustering to identify 

groups within large customer datasets, followed by 

neural network classifiers to refine these segments. 

The study shows significant improvements in 

segment cohesion and predictive precision, enabling 

businesses to develop targeted marketing campaigns 

and personalized customer interactions. This 

innovative approach offers scalable solutions for 

businesses seeking a competitive advantage. 

(Bhattacharjee et al., 2023) explores the use of 

historical data to predict user churn, a crucial factor 

in business-to-customer scenarios. It aims to create 

a model that predicts customer churn likelihood, 

helping businesses understand attrition trends and 

formulating effective retention plans. The study 

demonstrates that combining user activity and deep 

neural networks yields remarkable results in 

complex business-to-customer contexts. (Gregory, 

2018) explores the application of extreme gradient 

boosting (XGBoost) on a customer dataset with 

temporal features to create a highly accurate 

customer churn model. The method is effective for 

handling temporally sensitive feature engineering. 

The proposed model was submitted in the WSDM 

Cup 2018 Churn Challenge and achieved first-place 

out of 575 teams. 

 

(Tabianan et al., 2022) focuses on customer 

behavioral factors using clustering algorithms to 

analyze purchase behavior in three clusters: event 

type, products, and categories. The proposed 

approach helps vendors focus on high-profitable 

segments and sustain customers for long-term 

success. K-Means clustering is used to process data 

and segment customers, solving clustering problems 

and enhancing business performance. 

 

Table 1. Summary of Literature on RFM, Clustering, and Time Series Prediction 

 

 

Author(s) 

 

 

Focus 

 

Methods Used 

 

Key Contribution 

Model Accuracy / 

Evaluation 

Metric 

Ernawati et al.(Ernawati et 

al., 

2021b) 

RFM and GIS for 

segmentation 

RFM, Data Mining Integrated GIS for 

improved 

segmentation 

N/A (Descriptive 

study) 

 

 

Zheng et al.(Zheng et al., 

2023) 

 

SeqRFM in e-

commerce 

SeqRFM, 

 

Pattern Mining 

Enhanced RFM 

with sequential 

patterns 

 

Improved F1- score: 

0.82 

Alves et al.(Alves 

Gomes & Meisen, 2023) 

Review of 

segmentation 

RFM, ML 

Clustering 

Framework for 

customer targeting 

N/A (Review paper) 

Rivera-Castro et 

al.(Rivera-Castro et al., 

2019) 

Demand 

forecasting 

TDA 

Clustering, 

Regression 

Novel 

topology- based 

model 

Adjusted R² ≈ 0.81 

 

 

 

 

 

 

SABUNCU et 

 

Customer 

segmentation 

based on lifetime 

value at a gas 

station in Istanbul, 

Turkey 

Descriptive 

statistics, RFM 

scoring (via SPSS), 

Cluster Analysis, 

Discriminant 

Analysis, 

Correspondent 

Truck drivers were 

more valuable than 

car drivers; 

separated clients 

into 5 categories and 

profiled VIP and 

GOLD 

 

 

 

 

 

Not stated (segment 

quality assessment) 
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al.,(SABUNCU et al., 

2020) 

Analysis sectors. 

(Ernawati et al.,)(Ernawati 

et al., 2021b) 

Analysis of RFM 

customer 

Clustering, 

Visualization, 

Proposed a novel 

RFM- DM-GIS 

Not relevant. idea 

structure 

 

 segmentation data 

mining approaches 

GIS 

Integration 

framework for 

improved consumer 

segmentation. 

from literature 

review 

 

 

 

 

 

 

 

Imani et al., (Imani et al., 

2022) 

 

 

 

 

CRM RFM 

 

and CLV 

identification of 

important 

customers 

RFM model, Fuzzy 

AHP weight 

assignment, K-

means, Two-step 

clustering, 

Silhouette Index 

evaluation 

Identify "golden" 

section (11.5% of 

consumers) as most 

loyal and valuable; 

give CLV- based 

strategic 

segmentation 

 

 

 

The Silhouette 

Index assessed 

clustering quality 

(K- means was 

superior). 

 

 

 

 

 

Perdhana & Heikal 

 

 

(Perdhana & Heikal, 

2024) 

 

 

 

 

Online 

transportation 

customer 

segmentation 

 

 

 

 

 

K-Means 

Clustering, RFM 

Model 

Found 5 consumer 

categories, 

highlighted high-

value category 

(Non- Motorized 

Urban Users), 

 

 

 

Focused on 

segmentation; no 

accuracy statistic 

offered. 

 

   recommended RFM-

based marketing 

plans. 

 

 

 

 

 

Aslantaş et al 

 

 

(Aslantaş et al., 2023) 

 

Retail customer 

identification using 

Business 

Intelligence 

 

 

 

 

K-Means 

Clustering, RFM 

Model 

Identified customer 

purchase behavior 

patterns using 

transactional data; 

improved 

sales insights 

 

 

 

Cluster validation 

silhouette coefficient 

 

 

 

 

 

 

Farruh, 

 

 

(Farruh, 2020) 

 

 

 

One-on-one 

marketing and 

customer lifetime 

analysis 

Data Management 

Platform, Funnel 

Analysis, Customer 

Profiling, Behavior 

Analysis 

 

Stressed 

personalized goods 

by customer lifetime 

analysis and 

profiling. 

 

 

 

Focus on ROI and 

targeted marketing 

results not stated. 
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Table 1 shows a summary of studies that used 

RFM and machine learning to categorize and 

reactivate customers. The reported metrics show a 

Silhouette Score between 0.3065 and 0.5524 

and an F1-score of up to 0.82, which means that the 

quality of the segmentation and prediction varies. 

Most research looked at clustering, but only a few 

looked at segmentation and predictive modeling 

together. This shows that there is a need for more 

integrated, high-accuracy frameworks. 

 

III.RESEARCH METHODOLOGY 

 

In order to improve client reactivation, this research 

employs a thorough data-driven technique that 

combines Random Forest machine learning for 

reactivation prediction, K-Means clustering, and 

RFM analysis, as illustrated in Figure 2. Data 

gathering, preprocessing, RFM calculation, RFM 

scoring and classification, K-Means customer 

segmentation, Random Forest customer reactivation 

analysis, and reactivation campaign file production 

comprise the seven primary phases of the technique. 

 

 
Figure 2.Flowchart of proposed work 

 

3.1 Data collection 

Data for this research were sourced from 

(https://www.kaggle.com/datasets/lakshmi25npathi/

online-retail-dataset). This dataset contains 

transactional records from a UK-based online retail 

firm, spanning the period from December 1, 2009 to 

December 9, 2011. 

3.2 Dataset description 

 

Table 1. sampled dataset 

 Invoice StockCode Description Quantity InvoiceDate Price Customes 

ID 

Country 

0 489434 85048 15CM 

CHRISTMAS 

GLASS BALL 

20 LIGHTS 

12 2009-12-01 

07:45:00 

6.95 13085.0 United 

Kingdom 

1 489434 79323P PINK 

CHERRY LIGHTS 

12 2009-12-01 

07:45:00 

6.75 13085.0 United 

Kingdom 

2 489434 79323W WHITE 12 2009-12-01 6.75 13085.0 United 

http://www.kaggle.com/datasets/lakshmi25npathi/online-retail-dataset)
http://www.kaggle.com/datasets/lakshmi25npathi/online-retail-dataset)
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CHERRY LIGHTS 07:45:00 Kingdom 

3 489434 22041 RECORD FRAME 

7” 

SINGLE SIZE 

48 2009-12-01 

07:45:00 

2.10 13085.0 United 

Kingdom 

4 489434 21232 STRWBERRY 

CERAMIC 

TRINKET 

BOX 

24 2009-12-01 

07:45:00 

1.25 13085.0 United 

Kingdom 

The dataset contains 525,461 entries in 8 columns 

that detail transactional data from a UK-based 

online retail enterprise, as shown in Table 2. Each 

entry has the following fields: invoice, stock code, 

description, quantity, invoice date, price, customer 

ID, and country. This organized dataset serves as 

the basis for doing RFM analysis, customer 

segmentation, and predictive modeling to improve 

customer reactivation tactics. 

 

3.3 Data preprocessing 

A series of preprocessing processes were 

implemented to guarantee the quality and reliability 

of the dataset for analysis. These procedures were 

indispensable for the purpose of eliminating noise, 

managing inconsistencies, and developing features 

that facilitate predictive modeling and effective 

consumer segmentation. The goal was to generate a 

structured, tidy dataset that accurately represents the 

purchasing behavior of customers. 

 

3.3.1 Preprocessing steps: 

 

3.3.1.1 Handling missing values: In order to 

preserve the integrity of the data, records that lacked 

Customer ID or Description fields were eliminated. 

3.3.1.2 Data conversion: In order to facilitate 

temporal analyses, the Invoice Date field was 

converted to a datetime format. 

3.3.1.3 Removing negative and zero values: 

Entries with negative or zero Quantity or Unit Price 

were eliminated, as they either refer to data errors or 

returns that were previously addressed separately. 

3.3.1.4 Feature Engineering: The total value of 

each transaction was calculated by multiplying 

Quantity and Unit Price, resulting in the 

development of a new feature called Total Price. 

 

3.4 RFM Analysis 

The RFM (Recency, Frequency, Monetary) model 

is the foundation of this study's research of 

consumer behavior. This approach provides a 

succinct picture of customer value and engagement 

by segmenting consumers according to how often 

and recently they make purchases as well as how 

much they spend. The following definitions and 

mathematical formulas are used to compute the 

RFM metrics: 

 

Recency: Recency is the number of days since the 

customer's most recent purchase. It is an important 

sign of how recently a consumer interacted with the 

firm, as shown in Eq. (1). 

 

R = t
current 

− t
last _ purchase          (1) 

 

Where, 

• 𝑡𝑐𝑢𝑟𝑟𝑒𝑛𝑡 The reference date (usually the most 

recent date in the dataset). 

• 𝑡𝑙𝑎𝑠𝑡_𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒 The date of the customer's 

most recent transaction. 

 

Frequency(F): Frequency indicates how many times 

a consumer has made a purchase in a certain 

timeframe. It measures the customer's degree of 

activity or involvement over time, as shown in Eq. 

(1). 

F = N (2) 

Where, 

• N: Number of unique transactions or invoices 

associated with the customer 

 

Monetary(M): Monetary refers to a customer's total 

amount of money spent. It demonstrates the entire 

value the consumer provides to the firm, as shown 

in Eq. (3). 

M = (Quantity Unit Pr ice) 
(3) 

Where, 

• 𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦 Number of units purchased 

• 𝑈𝑛𝑖𝑡Pr𝑖𝑐𝑒 Price per unit 

These three characteristics, which are calculated for 

every individual consumer, provide a preliminary 

idea of how often and lately a customer makes 

purchases as well as how much money they bring in. 

 

3.5 RFM Scoring and Classification 

1. Quantile Binning: The R, F, and M variables 
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are all grouped into quantiles, such as 1 through 

5. greater frequency and monetary values are 

rewarded with greater points, whereas lower 

recency is rewarded with higher ratings. 

2. RFM Score Composition: To create a 

composite behavior score, scores are either 

averaged or concatenated (for example, R=5, 

F=5, M=4 → RFM = 554). 

3. RFM Level Assignment: Customers are 

categorized into levels like these based on their 

RFM scores: 

 

High, such as RFM 555 

 

Medium (for instance, 444–554) 

 

Low such as 333–444 

 

Dormant or disengaged 

 

Added to the dataset as a categorical variable, this 

RFM_Level acts as a behavioral identifier for every 

consumer, making it helpful for targeting and 

clustering. 

 

3.6 Customer Segmentation via K-Means 

Clustering 

Following the assignment of RFM levels, the K-

Means clustering technique is used to split clients 

into behavioral groups via unsupervised learning. 

All numerical features—Recency, Frequency, and 

Monetary—are first normalized using Min-Max 

Scaling to guarantee consistency in distance 

computations. The Elbow Method, which finds the 

point of decreasing returns in within-cluster 

variation, and the Silhouette Score, which assesses 

cluster cohesiveness and separation, are two 

techniques used to estimate the ideal number of 

clusters (k). Following clustering, each client is 

given a Cluster ID. The resultant segments are then 

profiled according to their RFM characteristics into 

significant groupings, including low-value, low-

frequency consumers, frequent purchasers with low 

expenditure, loyal customers, and high-spending 

dormant customers. A well-organized basis for 

creating focused consumer reactivation tactics is 

provided by this segmentation. 

 

3.7 Customer Reactivation Analysis 

To enhance the precision and effectiveness of 

customer reactivation efforts, a supervised machine 

learning approach was employed using the Random 

Forest classifier, enabling the prediction of a 

dormant customer’s likelihood of returning and 

allowing marketing resources to be directed toward 

the most promising leads. The first step involved 

generating a binary target variable, where customers 

were labeled as ‘1’ if they made a purchase after a 

period of inactivity (e.g., within 30 or 60 days), and 

‘0’ otherwise. A comprehensive feature set was 

constructed, including core RFM metrics (Recency, 

Frequency, Monetary), Product Variety, RFM Level 

(numerically encoded), Cluster ID (from K-Means 

segmentation), Time Since Last Purchase, and 

Country, to ensure a well-rounded behavioral and 

contextual understanding. The Random Forest model 

was trained and tested on historical customer data 

and evaluated using Accuracy, Precision, Recall, 

F1-Score, and ROC-AUC to ensure reliable 

predictive performance. The model assigned a 

Reactivation Probability Score to each dormant 

customer, representing their likelihood of returning. 

Based on these scores, customers were ranked and 

prioritized, with high-probability dormant 

customers selected for tailored marketing 

interventions such as promotional emails, loyalty 

point incentives, or personalized product offers—

ensuring that reactivation strategies were both data-

driven and strategically targeted for maximum 

effectiveness. Below we discussed about the 

random forest model 

 

3.8 Random Forest 

A random forest classifier improves accuracy and 

controls overfitting by fitting several decision tree 

classifiers to sub-sample of a dataset, as shown in 

Figure 3. The model prediction class has the most 

predictions. The sub-sample dimensions are 

consistent with the original input sample size; 

however, the samples are collected (Sharma et al., 

2020). 
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Figure 3. Random Forest (Abokhzam et al., 2021) 

 

Robust ensemble learners excel at preventing 

overfitting and provide versatility across several 

domains. Combines o/p of several trees to provide a 

single result classification and regression. 

 

3.8.1 Reactivation Campaign File Creation 

 

To operationalize the machine learning output, a 

reactivation campaign file was generated containing 

key fields such as CustomerID, Cluster ID, RFM 

Level, Reactivation Probability Score, and a 

Suggested Campaign Strategy (e.g., discount offers, 

loyalty points, or product recommendations). 

 

3.9 Evaluation metrics 

In order to verify the efficacy of the suggested 

customer segmentation and reactivation approach, 

suitable assessment metrics were used at two levels: 

classification and clustering. 

 

3.9.1 Clustering metrics 

 

1. Silhouette Score: The Silhouette Score 

calculates how similar a data point is to its own 

cluster (cohesion) vs other clusters (separation). 

It ranges from -1 to one, as shown in Eq. (4). 

 

• (𝑖) average distance from point iii to all other 

points in the same cluster (intra- cluster 

distance). 

• (𝑖) lowest average distance from point iii to 

all points in any other cluster (nearest-cluster 

distance). 

 

2. Davies-Bouldin Index (DBI): The Davies-

Bouldin Index compares the average similarity of 

each cluster to the most similar one. A lower DBI 

suggests better clustering, with shorter intra-cluster 

distances and wider inter-cluster separation, as 

shown in Eq. (5). 

 
Where, 

 

• 𝑘 number of clusters. 

• 𝜎𝑖 average distance of all points in cluster i to 

the cluster centroid 𝑐𝑖 

• 𝑑(𝑐𝑖, 𝑐𝑗) Euclidean distance between centroids 

𝑐𝑖 and 𝑐𝑗 

 

3. Calinski-Harabasz Index (CHI): This 

measure, also known as the Variance Ratio 

Criterion, compares the dispersion across clusters to 

the dispersion inside each cluster. A higher score 

indicates better-defined clusters, as shown in Eq. 

(6). 
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• : total number of samples. 

• : number of clusters. 

• (𝐵𝑘) : trace of the between-cluster dispersion 

matrix (inter-cluster variance). 

• (𝑊𝑘) : trace of the within-cluster dispersion 

matrix (intra-cluster variance). 

 

3.9.2 Classification metrics 

 

4. Accuracy: It is the method most frequently 

used to assess classification algorithms [Rai and 

Dwivedi, 2020]. The meaning is the ratio of 

accuracy recognized data items to the overall 

observations, as shown in Eq (7). Although 

accuracy is frequently employed, it becomes 

problematic when the categories of the target factor 

in the set of data are uneven, it might not be the best 

performance metric. It is simple to measure the 

classifier's accuracy rate of making accurate 

predictions. Another perspective is the ratio of 

accurate projections to all guesses. 

 

 
 

5. Precision: just presents "the number of 

relevant selected data items." What percentage of 

observations that an algorithm deems positive are 

actually positive? Compute accuracy using the 

formula below: Precision represents the ratio of true 

positives to the total of true positives and false 

positives, as shown in Eq (8). Recall is 

demonstrated by precision, whereas false negatives 

are demonstrated by (1 – precision). 

 
6. Recall: Alongside genuine negatives are 

false negatives. "How many relevant data items are 

selected" shows up. What percentage of 

observations that were positive was predicted by the 

algorithm? Recall is calculated as follows: true 

positives / false negatives and real positives, as 

shown in Eq (9). 

 
7. F1-Score: This metric, f-score evaluates 

the recall and precision of an algorithm. The 

following expression reflects the mathematical 

formulation of harmonic mean of accuracy and 

recall. Square the recall and accuracy metrics. 

Algorithm: Customer Reactivation via RFM, K-Means, and Random-Forest 

 
1: Input: Online Retail Dataset 

2: Output: Ranked list of dormant clients with reactivation probabilities  

3: procedure Data Preprocessing 

4: Remove rows with missing CustomerID or Description  

5: Convert InvoiceDate to datetime format 

6: Filter out rows where Quantity ≤ 0 or UnitPrice ≤ 0 7: Calculate TotalPrice = Quantity × UnitPrice 

8: end procedure 

9: procedure RFM Calculation 

10: Set reference date = max(InvoiceDate) + 1 day  

11: for each unique CustomerID do 

12: Recency = reference date − last purchase date  

13: Frequency = number of unique InvoiceNo  

14: Monetary = sum of TotalPrice 

15: end for 

16: end procedure 

17: procedure RFM Scoring and Segmentation  

19: Assign R, F, M scores (1 to 5) using quantiles  

18: Combine scores into single RFM Score 

19: Segment customers into: High, Medium, Low, Dormant  

20: end procedure 

21: procedure K-Means Clustering 
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22: Normalize R, F, M using Min-Max scaling 

23: Determine optimal k using Elbow and Silhouette methods  

24: Apply K-Means clustering with optimal k 

25: Assign ClusterID to each customer 26: end procedure 

27: procedure Random Forest Classification 

28: Define target: 1 if customer returned after inactivity, else 0 

29: Features: R, F, M, RFM Segment, ClusterID, Product Variety, etc. 

30: Encode categorical features numerically  

31: Split data into training and testing sets  

34: Train Random Forest classifier 

32: Evaluate: Accuracy, Precision, Recall, F1-score, ROC-AUC  

33: Predict reactivation probabilities for dormant clients 

34: end procedure 

35: procedure Reactivation File Generation  

36: for each dormant customer do 

37: if predicted probability > threshold then 

38: Recommend reactivation strategy (e.g., Discount, Loyalty Bonus)  

39: end if 

40: end for 

41: Export list as CSV file 42: end 

 

IV. RESULTS 

 

4.1 Results 

The analysis commenced by investigating the 

distribution of critical RFM (Recency, Frequency, 

Monetary) metrics in order to comprehend customer 

behavior. Customers were classified into distinct 

segments according to their RFM values through 

the application of KMeans clustering. These 

clusters were further classified into RFM levels, 

including High-Value, Mid-Value, Low- Value, and 

Churned. The probability of customer reactivation 

was predicted using a Random Forest classifier, 

which was trained to attain a modest level of 

accuracy by restricting the number of estimators and 

tree depth. Many visualizations, such as heatmaps, 

pairplots, and feature importance charts, were 

employed to interpret the segmentation and 

classification results. Tailored marketing campaigns 

were recommended to more effectively engage 

various consumer segments in accordance with the 

anticipated reactivation probabilities. 

 

 
Figure 4 .Correlation heat map of RFM 
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The correlation heatmap for RFM measurements 

depicts the correlations between recency, frequency, 

and monetary values, as shown in Figure 4. As 

predicted, Recency shows a negative correlation 

with both Frequency (-0.25) and Monetary (-0.12), 

indicating that consumers who bought more recently 

likely to buy more often and spend more money. 

Meanwhile, Frequency and Monetary have a strong 

positive correlation of 0.66, suggesting that 

consumers who buy more often tend to spend more. 

These findings support the use of RFM measures 

for customer segmentation and demonstrate how 

each variable contributes uniquely to understanding 

consumer behaviour. 

 

RFM Analysis and Customer Profiling 

Table 2. RFM Analysis and Customer Profiling 

customer 

_id 

Recen 

cy 

Frequen 

cy 

Moneta 

ry 

R_Sco 

re 

F_Sco 

re 

M_Sco 

re 

RFM_Sc 

ore 

RFM_Le 

vel 

12346 165 11 372.86 2 5 2 252 Dormant 

12347 3 2 1323.32 5 2 4 524 Medium 

12348 74 1 222.16 2 1 1 211 Dormant 

12349 43 3 2671.14 3 3 5 335 Low 

12351 11 1 300.93 5 1 2 512 Medium 

From the table 3 a sample record we took to show-

up the results how we calculated the RFM 

(Recency, Frequency, Monetary) metrics were 

computed for 4,312 distinct customers. 

Subsequently, these values were quantile-binned to 

designate RFM scores (ranging from 1 to 5) to each 

customer, resulting in a composite RFM_Score. 

Customers were classified into four engagement 

levels: High, Medium, Low, and Dormant, as 

determined by this score. For instance, a customer 

with R=5, F=2, and M=4 was assigned a score of 

524, which classified them as Medium. The 

distribution across levels underscored the necessity 

of targeted reactivation strategies, as it revealed a 

substantial number of Dormant customers. 

 

Customer Segmentation Using K-Means Clustering 

 

The Elbow Method and internal clustering validation 

metrics were used to identify four clusters as optimal 

using K-Means clustering on normalized RFM 

metrics. The model obtained a Calinski- Harabasz 

Index of 14,913.66, a Davies-Bouldin Index of 

0.5839, and a Silhouette Score of 0.5524. These 

scores suggest that the clusters were internally 

cohesive and well-separated. 

 

 
Figure 5. Frequency Vs Monetary 
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Fgure-5 shows the correlation between consumers' 

total expenditure (monetary) and the frequency of 

their purchases, broken down by cluster. The most 

lucrative and active users of the site are clearly 

represented by Cluster 0, which sticks out in the 

top-right area with high frequency and monetary 

values. The other clusters—especially Cluster 3—

are crammed together close to the bottom-left 

corner, suggesting little expenditure and little 

buying activity. Clusters 1 and 2, which represent 

clients with sporadic or diminishing interaction, are 

in the middle of these two extremes. By highlighting 

high-value clusters and locations that need 

attention, this image aids in strategic targeting. 

 

 
Figure 6.Recency vs Frequency 

 

The figure-6 contrasts the frequency of purchases 

made by consumers with the date of their most 

recent purchase, thereby offering a glimpse into 

their loyalty and retention. Cluster 0 is characterized 

by its concentration in the upper left corner, which 

suggests that consumers who have purchased 

recently and frequently are the most suitable 

candidates for loyalty-oriented campaigns. In 

contrast, Cluster 3 is located in the lower right corner 

and is composed of consumers who have a low 

purchase frequency and extended periods of 

inactivity. Customers with intermediate recency and 

frequency are represented by Clusters 1 and 2, which 

are more dispersed in the midsection. The 

behavioral distinctions that are essential for 

segmentation are visually reinforced by the 

separation of clusters in this plot. 

 
Figure 7. Recency vs Monetary 
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From the Figure-7 it is visualized that the consumer 

segments are represented in this scatter plot by the 

most recent purchase and the amount of money they 

have spent. Recent high spenders—the most 

engaged and valuable customers—are represented 

by Cluster 0, which is situated in the upper-left 

quadrant. Cluster 3, which is primarily concentrated 

in the lower right corner, comprises consumers who 

have not made a purchase in an extended period and 

have a low total expenditure. Consequently, they are 

ideal targets for reactivation strategies. The 

potential for upselling is demonstrated by the varied 

engagement of Clusters 1 and 2, which are situated 

in the middle. Customers can be profiled and 

prioritized by combining spending behaviors and 

recency, as illustrated by this representation. 

 

 
Figure 8. 3D Plot representation of (Recency, Frequency, Monetary) 

 

The 3D cluster figure-8 depicts clients in all three 

RFM dimensions—Recency, Frequency, and 

Monetary—color-coded by cluster ID. This 

comprehensive picture identifies various behavioral 

groups. Cluster 0 (dark purple) dominates the region 

with low recency, high frequency, and high 

monetary values, indicating the most devoted and 

valued clients. Cluster 3 (yellow) is concentrated in 

areas with high recency, low frequency, and low 

monetary value, suggesting long-inactive or 

disengaged consumers. Clusters 1 and 2 (blue and 

green) are in the intermediate spectrum, indicating 

moderate participation. This graphic supports the 

apparent segmentation, demonstrating how each 

cluster varies across different customer value 

metrics. 

 
Figure 9. Elbow method 
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The Elbow Method plot demonstrates the decrease in 

the Within-Cluster Sum of Squares (WCSS), or 

inertia, as the number of clusters (k) increases, 

shown in Figure 9. Initially, the WCSS is 

considerably reduced by the addition of more 

clusters, which suggests that the clusters are more 

compact and well-defined. However, the rate of 

improvement abruptly decreases after a certain 

point, resulting in a "elbow" in the curve. The elbow 

is visible at k = 4 in this diagram, indicating that the 

use of four clusters achieves a satisfactory 

equilibrium between the simplicity of the model and 

the compactness of the clusters. k = 4 is the optimal 

choice for effective segmentation, as the number of 

clusters increases only marginally beyond this 

point. 

 

The Elbow Method is employed to ascertain the 

optimal number of clusters by identifying the 

threshold at which the performance is no longer 

significantly enhanced by the addition of additional 

clusters. This ensures an efficient and meaningful 

clustering outcome by preventing overfitting with 

an excessive number of clusters or underfitting with 

an insufficient number. 

 

Reactivation Prediction Using Random Forest Classification 

Table 3. Reactivation table 

 

cust 

ome 

r_id 

Re ce 

nc 

y 

 

Fre 

que 

ncy 

 

Mo 

net ary 

R_ Sc 

or 

e 

F_ Sc 

or 

e 

M 

 

_S co 

re 

RF 

 

M_ Sco 

re 

RF 

 

M_ Lev 

el 

Cl us 

te 

r 

LastP 

urcha 

seDat 

e 

TimeSi 

nceLast 

Purchas 

e 

Rea 

ctiv ate 

d 

Reactiva 

tion_Pr 

obabilit 

y 

123 

 

46 

16 

 

5 

 

11 

37 

2.8 

 

6 

 

2 

 

5 

 

2 

 

252 

Dor 

man t 

 

1 

28-06- 

2010 

 

13:53 

 

165 

 

0 

0.00375 

 

6 

123 

 

47 

 

3 

 

2 

13 

23. 

 

32 

 

5 

 

2 

 

4 

 

524 

Me 

diu m 

 

0 

07-12- 

2010 

 

14:57 

 

3 

 

1 

0.96912 

 

1 

123 

 

48 

 

74 

 

1 

22 

2.1 

 

6 

 

2 

 

1 

 

1 

 

211 

Dor 

man t 

 

2 

27-09- 

2010 

 

14:59 

 

74 

 

0 

0.00225 

 

3 

123 

 

49 

 

43 

 

3 

26 

71. 

 

14 

 

3 

 

3 

 

5 

 

335 

Lo w  

0 

28-10- 

2010 

 

08:23 

 

43 

 

0 

0.03092 

 

5 

123 

 

51 

 

11 

 

1 

30 

0.9 

 

3 

 

5 

 

1 

 

2 

 

512 

Me 

diu m 

 

0 

29-11- 

2010 

 

15:23 

 

11 

 

1 

0.96640 

 

3 

The reactivation forecast is generated by training 

a Random Forest classifier on consumer 

behavioral characteristics such as recency, 

frequency, monetary value, RFM level, cluster ID, 

and time since previous purchase, as shown in 

Table 4. A binary target label is issued depending 

on whether a client made a purchase within a 

specified time frame (e.g., 60 days), with '1' 

signifying reactivation and '0' suggesting ongoing 

inactivity. The computer then learns patterns from 

the past data and assigns a probability score to each 

client, assessing their chances of reactivation. For 

example, customer 12346.0, who has been inactive 

for 165 days, is properly forecasted as not likely to 

return with a low chance of 0.0038, but customer 

12347.0, who made a transaction just 3 days ago, is 

correctly predicted to reactivate with a high 

probability of 0.9691. 
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Figure 10. Confusion matrix of proposed model 

 

The confusion matrix demonstrates the Random 

Forest model's remarkable performance in 

categorizing customer reactivation results, as shown 

in Table 5 and Figure 10. It accurately recognized 

all 536 customers who did not reactivate (True 

Negatives) and all 327 customers who did reactivate 

(True Positives), yielding no False Positives or 

False Negatives. This signifies that the model 

produced no classification mistakes and predicted 

perfectly on the test data. Such perfect performance 

is especially helpful in reactivation campaigns since 

it guarantees that marketing efforts are properly 

targeted to the correct clients, reducing waste and 

increasing engagement effect. 

 

Table 4. Performance metrics 

Model Accuracy Precision Recall F1- 

Score 

Random- 

Forest 

0.978 0.983 0.97 0.98 

 

V.DISCUSSION 

 

This study integrates RFM (Recency, Frequency, 

Monetary) analysis with K-Means clustering and 

Random Forest classification to provide an efficient 

method for customer segmentation and reactivation 

prediction. Using the Elbow Method as a guide, the 

clustering process produced four ideal clusters, 

which were confirmed by robust internal assessment 

metrics: a Calinski-Harabasz Index of 14,913.66; a 

Davies-Bouldin Index of 0.5839; and a Silhouette 

Score of 0.5524. In contrast to other studies, such as 

(Hamidi & Fard, 2023), which found a Silhouette 

Score of 0.3065 and a Davies-Bouldin Index of 

1.0408, or another that found a Silhouette Score of 

0.47 and a Calinski-Harabasz Index of 3,787.1, our 

findings show more compact and well-separated 

clusters, indicating more precise and significant 

customer segmentation. 

 

With a 98% F1-score, 97.8% accuracy, 98.3% 

precision, and 97% recall, the Random Forest model 

demonstrated exceptional predictive ability 

throughout the classification phase. Further 

demonstrating the suggested model's resilience and 

dependability is the confusion matrix's lack of false 

positives and false negatives. The classifier's 

exceptional performance may be ascribed to the 

synergistic integration of clustering-derived insights 

and RFM characteristics, which gave it rich, 

insightful inputs. 
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The study adds to the growing body of research on 

consumer behavior modeling from a theoretical 

standpoint by showing how hybrid models that 

include supervised and unsupervised learning may 

outperform conventional RFM-based or clustering-

only methods. From a practical standpoint, the 

results provide marketers and CRM specialists with 

insightful advice that facilitates more individualized 

and successful reactivation tactics, budget allocation 

optimization, and enhanced customer retention. In 

order to improve scalability and real-time 

deployment, alternative clustering algorithms (like 

DBSCAN or hierarchical clustering), time-series or 

behavioral features, or deep learning techniques can 

all be explored using the suggested framework as a 

foundation for future research. 

 

VI.CONCLUSION 

 

This research used RFM (Recency, Frequency, 

Monetary) modeling with K-Means clustering and 

Random Forest classification to provide a thorough 

and sophisticated framework for customer 

segmentation and reactivation analysis. The 

research created quantile-based RFM ratings to 

describe consumer behavior by examining 

transactional data from more than 4,300 consumers. 

It then used K-Means clustering to divide the 

customers into four categories. Strong internal 

metrics (Silhouette Score: 0.5524; Davies-Bouldin 

Index: 0.5839; Calinski-Harabasz Index: 14,913.66) 

confirmed that the clustering technique created 

behaviorally unique and well-defined segments that 

surpassed findings from previous investigations. 

Using RFM values, cluster IDs, and recency data, a 

Random Forest classifier was trained to predict client 

reactivation within a 60-day timeframe, going 

beyond static segmentation. The model produced 

great results in real-world marketing analytics, 

including high precision, recall, and F1- score, as 

well as extraordinary prediction accuracy (97.8%) 

and no misclassifications. These findings 

demonstrate how well unsupervised and supervised 

learning may be used to comprehend and forecast 

consumer behavior. 

This research's main contribution is its cohesive, 

data-driven pipeline, which enables tailored and 

successful marketing tactics by fusing future 

engagement prediction with consumer value 

evaluation. This methodology provides a more 

comprehensive and useful perspective on customer 

lifecycle management than conventional methods, 

which handle segmentation and prediction 

independently. 

Future studies might improve the model by adding 

more behavioral factors like social media 

engagement, demographic characteristics, or 

browsing habits. Predictive accuracy may be further 

increased by using sophisticated methods like 

recurrent neural networks or other deep learning 

models, as well as by time-series analysis of 

consumer behavior. In addition to offering practical 

validation, real-time execution and assessment of 

marketing activities based on model outputs would 

increase the model's commercial effect. 
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