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Abstract：Prediction, classification, and anomaly detection are made easier by a wide range of supervised and 

unsupervised methods that are included in machine learning (ML). Customer churn prediction is one of the most 

well-known applications for these approaches. Data scientists use a range of demographic, social, transactional, 

and behavioral information and traits to predict customer switching. Regretfully, a large number of UK 

businesses still lack the thorough and flexible customer data needed to conduct precise assessments. Because of 

this, they frequently rely significantly on data generated by enterprise resource planning systems, which are 

essentially transactional. As a result, companies are frequently only able to model and forecast using 

transactional data and are reluctant to make large investments in marketing research or other sources pertaining 

to customers. Companies are frequently restricted to using transactional data for modeling and forecasting, which 

are typically not based on sophisticated methodologies like ML and recency, frequency, and monetary (RFM). 

Therefore, the primary goal of the current effort is to offer a combination of RFM and ML analysis methods for 
churn prediction with a focus on transactional data. The dataset was extracted from a service that searches for 

internet retail datasets. Based on the information at hand, each customer's RFM scores are calculated. a churn 

metric that shows if a consumer has completed a transaction within a certain amount of time. This report presents 

a comparison of various strategies. Density-Based Spatial Clustering of Applications with Noise clustering and 

K-means were employed. By the end of this research, it can be concluded that the division of customers into six 

different clusters is a more easy and practical method. 

Keywords: RFM analysis, statistical approaches, data analysis, machine learning models, artificial intelligence. 
 

 

1. Introduction 

Recency, frequency, and monetary (RFM) analysis is a relatively simple yet very powerful method for 

understanding and evaluating purchase-based customer behavior. In order to identify and target the most 

valuable customers for the purpose of carrying out targeted and focused marketing campaigns, the RFM 

technique uses quantitative categorization and classification of customers based on the RFM total of their most 

recent transactions (Shihab et al., 2019; Smaili & Hachimi, 2023). Based on these criteria, each customer is 

given a numerical score, making the study data-driven and objective. RFM analysis is anchored in the well-

known marketing cliché that “80% of your business comes from 20% of your customers” (Alsayat, 2023; Bratina 
& Faganel, 2023; Chakraborty et al., 2023).  

 

RFM is a strategic method used to analyze and estimate a customer's value based on the assessment of three 

important data points: frequency, monetary value, and recency. The frequency statistic asks how often the 

consumer makes purchases, but the recency metric shows the customer's most recent transaction. Finally, 

monetary value explores how much the consumer has spent. One helpful tool that might provide insightful 

information about clients and their behavior is RFM analysis. It should be highlighted, nonetheless, that this 

strategy ignores a number of other crucial elements that play a significant role in determining the client 

experience. To improve results, for example, detailed targeted marketing tactics may make use of a variety of 

factors, including the kind of product bought or consumer campaign reactions (Bahari & Elayidom, 2015). 

Furthermore, it is critical to recognize that RFM research does not account for client demographics: age, sex, and 

ethnicity, among others. For a more accurate and useful understanding of customers, marketers must thus 

incorporate a more thorough and nuanced strategy that takes into consideration a wide range of characteristics. 

The literature mentions a variety of data integration techniques that could be useful in this situation. Statistical 
data integration is discussed in Lewaa et al. (2021) and Lewaa et al. (2023).  

 

An effective method for learning important things about consumer behavior is RFM analysis. It does have some 

restrictions, though. RFM analysis's disregard for important elements such client demographics and the type of 
goods purchased is one of its drawbacks. A more thorough strategy that considers a wider range of parameters is 

urgently needed in light of these constraints. A more precise understanding of clients can be attained in this way.  

Additionally, it should be mentioned that RFM's use is entirely dependent on the customers' history data, which 

suggests that it may not be able to predict their future actions with any degree of accuracy (Rahim et al., 2021; 
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Seymen et al., 2021). On the other hand, predictive methods can reveal possible customer behavior patterns that 

the RFM study might miss (Maryani et al., 2018; Mohammad & Kashem, 2022). This implies that although if 

RFM is useful for assessing customer data, its shortcomings in forecasting future customer behavior call for the 

use of more sophisticated predictive techniques.  

 

RFM values are simple to compute and comprehend for the current case study, but they only account for a single 

facet of consumer behavior. Data scientists require flexible information about client demands, opinions, 

socioeconomic factors, relationship data, etc. in order to create high-quality prediction models. Since small and 

mid-sized businesses frequently lack a systematic strategy to data collection, it can be challenging to gather this 

type of information.  

 

It would be more prudent and advantageous to classify and divide the customers according to their unique 

attributes, such as age or location, and then separate them into a customer group rather than performing a 

comprehensive and exhaustive analysis of the entire customer database. It is feasible to create a customized and 

pertinent offer that would be very alluring to clients who are extremely valuable to the company by putting into 

practice a methodical, well-organized marketing campaign that is especially suited to each subdivided group.  
Calculating the RFM ratings for real-world applications requires significant mathematical skills or specific 

analytical knowledge. Furthermore, RFM models can range in complexity from simple to complex, just like any 

other model. Sorting clients into the three categories of recency score, frequency score, and monetary score is the 

first step in the RFM segmentation process. This is often done on a scale of 1 to 4. A score of 1 indicates the top 

25% in each category (i.e., the most recent, most frequent, and most purchased individuals), a score of 3 

indicates the next 25%, and so on. Through the use of an RFM scoring system Similar to this, client RFM 

segments can be used to create an effective marketing strategy. We correct the data using the Box–Cox 

transformation, which was not employed in the prior work, to ensure that the data are normally distributed 

among the many methods for assessing customer classification that have been provided in the literature. 

Additionally, this study is the first in the UK to use this kind of client segmentation. This report presents a 

comparison of various strategies.  
 

We hope to find out through this study which machine learning (ML) method is optimal for customer turnover, 

which is up for debate. To select the best candidate, data scientists must investigate and evaluate as many as 

possible. This study suggests and assesses a churn prediction technique using machine learning algorithms using 

RFM data. Numerous candidate algorithms have been evaluated using various input variables.  

Using machine learning algorithms to identify which consumers are most likely to end their commercial 

relationship with a company is known as customer churn prediction. This is commonly performed by training a 

supervised ML model on historical data such as consumer purchase history, account activity, and customer 

support interactions. The model is then used to produce predictions based on fresh information, such as whether 

a new client is likely to leave within a given period of time. The ML model can be used to categorize whether or 

not a customer will leave, making customer churn a classification problem.  

 

 

2. Literature Review 

According to Jiang and Tuzhilin (2009), buyer targeting and customer segmentation must be used in order to 
improve marketing performance. Despite the difficulty of unified optimization, these two interrelated tasks are 

combined into a methodical methodology. As a result, the authors have suggested using the K-Classifiers 

Segmentation algorithm to solve this problem. This specific strategy places a strong emphasis on allocating more 

resources to clients who generate more profits for the company. Numerous writers have added to the body of 

knowledge regarding various approaches to customer segmentation. In their research, Jiang and Tuzhilin (2009) 

suggest a novel approach to customer clustering that departs from the standard practice of depending only on 

calculated statistics. To get a more direct clustering result, their method instead uses the transactional data of 

several clients. The authors also disclose that the work of determining the best segmentation strategy is actually 

NP-hard, which means that different sub-optimal clustering strategies must be developed. Tuzhilin carefully 

developed these techniques. The authors then carefully examined the customer segments that were produced 

using the direct grouping method and discovered that, in contrast to the conventional statistical methodology, 

this strategy produced far better outcomes.  
 

A unique clustering technique that is comparable to the K-means and K-medoids algorithms was presented by 

Shah and Singh (2012). It is acknowledged that these algorithms are partitional strategies. However, the recently 

suggested algorithm does not always provide the best answer. It lowers the cluster error criteria, however. As the 

number of clusters increases, Saurabh's findings show that the time needed to implement the new strategy 

reduces, which is a major improvement over conventional techniques.  
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A recommendation system that is tailored to the consumers' requirements is proposed by Cho and Moon (2013). 

In order to find the patterns that appear most frequently, the suggested approach uses the weighted frequent 

pattern mining technique. The authors employed the RFM model, which is frequently used for this purpose, to 

conduct consumer profiling in order to identify the possible customers. The association rules that can be derived 

from the mining process are generated by the suggested method using different weights for every transaction. 

The RFM model can be used to improve the accuracy of the recommendations given to clients, which will raise 

the company's earnings. An extensive analysis focused on customer attrition prediction was carried out by Lu et 

al. (2014). To create a completely original prediction model, the authors deftly used logistic regression and 

successfully separated the transactional data. The clever researchers found that by implementing tailored 
marketing methods in their experiments, it is possible to identify and retain consumers with the highest churn 

value. Zhang, on the other hand, believes that determining the underlying reason for customer attrition and 

meeting individual demands is a necessary condition for every business to survive.  

In order to improve customer satisfaction, He and Li (2016) have put up a complex and multidimensional three-

dimensional methodology.  

 

lifetime value, increasing client contentment, and favorably impacting consumer conduct. The writers have 

wisely noted that consumers are a diverse group with a wide range of needs, wants, and goals based on their 

thorough investigation and analysis. The delivery of superior services to these valued clients is made easier by 

the successful use of segmentation techniques to identify and comprehend their demands and expectations, 

which may be used to accommodate the diversity and complexity of customer preferences. In order to segment 

using the RFM and lifetime value methodologies, Sheshasaayee and Logeshwari (2017) created a new and 
creative integrated strategy. This strategy was implemented in two stages, the first of which involved a statistical 

technique and the second of which involved clustering performance. This method's main goal was to use a neural 

network to improve the segmentation process overall after performing K-means clustering following the two-

phase model.  

 

Through the use of customer relationship management (CRM), Zahrotun (2017) identified the most exceptional 

clients using customer data collected online. The author was able to efficiently identify new clients through 

segmentation by using the CRM paradigm in the context of online buying, which ultimately helps to maximize 

business earnings. The fuzzy C-means clustering method was used to help with the precise implementation of 

marketing plans and client segmentation. In the end, this approach gives clients the chance to obtain customized 

amenities in a variety of categories, all in line with their own requirements and tastes.  

 

3. Methodology 
The Online Retail Dataset is where the experiment data was taken from. "Recency" (recentness from the ending 

date), "frequency" (number of transactions until the ending date), and "monetary" (total amount of transactions 

until the ending date) are among the features and metrics that have been computed for each client (Chaudhary et 

al., 2022; Gustriansyah et al., 2020).  

Its RFM analysis feature has been used to determine RFM scores. Both independent and nested binning with four 
bins are used to compute RFM scores. K-means clustering could be used in place of this traditional method to 

modify RFM analysis. The classic method and this methodology are contrasted (Li et al., 2022; Shirole et al., 

2021; Wu et al., 2021). Python was used to apply machine learning techniques (Joung & Kim, 2023; Khajvand et 

al., 2011).  

 

Data preprocessing, a crucial component of data preparation, is any effort to modify raw data in order to optimize 

it for further data processing activities (Shim et al., 2012; Weng, 2017). This procedure has long been 

acknowledged as a crucial first step in the data mining process. In recent years, there have been substantial 

changes made to data preparation methods to make it easier to train AI and ML models and to make conclusions 

against them.  

Data preprocessing is a set of procedures designed to convert data into a structured format that can be easily 

handled in a variety of data science tasks, including machine learning and data mining, more quickly and 
effectively (Wu et al., 2022; Yoseph & Heikkila, 2018). To provide reliable results, it is a crucial step that is 

usually applied at the beginning of the ML and AI development pipeline.  

 

Our study's focus is on the UK, as indicated by the data description in Table 1. Therefore, we choose every 

observation pertaining to this nation's online retail. Next, as a preprocessing step, null values were examined. A 

null value, which is frequently seen in relational databases, indicates that the value in a specific column is either 

absent or unknown. Note that a null value should not be confused with an empty string, which is a feature of 

datetime or character data types, or with a zero value, which is a feature of numeric data types. To guarantee 

accurate data manipulation and interpretation in a particular database, these distinctions are essential. Out of the 

495,478 total sample size, we have 133,600 null values in our data for the UK.  
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Table 1: Online retail dataset description 
 

No Attribute name Description 
 

 

1 Invoice number 6-digit unique number for each 

2 Stock code 5-digit unique number for each product 

4 Quantity Quantity of product per transaction 

5 Invoice date Invoice date and time 

6 Unit price Product price per unit 

7 Customer ID 5-digit unique number for each customer 

8 Country Country name 
 

We'll compute RFM values. The number of days between each customer's maximum date and the maximum 

invoice date is used to compute recency. The number of client IDs that are repeated is therefore taken into 

account when calculating the frequency factor. Additionally, the entire cost is computed in order to perform 

financial calculations. Each customer's total price is determined by multiplying the quantity by the unit price. 

The total price for each customer up until the end date is then added up to determine the monetary amount for 

each consumer.  

Therefore, a variety of tests utilizing different input variables have been conducted to examine the models' 

suitability for studying customer behavior based on different sets of input factors: 

 

(I) RFM values; (II) RFM scores; (III) RFM scores, RFM counts, and the number of objects for each customer. 

 

The aforementioned diverse inputs are developed for the two approaches in order to compare them collectively 
and determine the most effective technique for consumer segmentation.  

A triad of discrete scores for the variables of frequency, monetary value, and temporal proximity are assigned to 

each consumer. On a graded scale ranging from 1 to 4, the scoring process is carried out. Patrons in the top 

percentile receive a score of 4, while those in the lower percentile receive ratings of 3, 2, and 1, respectively. It is 

possible to presume that the scores have the peculiar characteristics listed in Table 2. 

 

Table 2: Scores of RFM 
 

Score Characteristics 
 

 

1 Potential 

2 Can’t lose them 

3 At risk 

4 Lost 
 

 

Finally, scores between 444, 443, and 111 are provided to each and every consumer. Because they are expected 

to provide a larger amount of cash to the company, consumers with a score of 111 may be considered potential 
customers of the entity; on the other hand, clients with a score of 444 are considered potential customers. Every 

consumer can be categorized according to their unique segmentation based on this RFM score. 

 

 

4. Results 

According Data visualization is shown in this section. Additionally, the Box–Cox transformation is used to 

resolve the normalcy problem. Furthermore, the outcomes following the application of several machine learning 

techniques, K-means, and DBSCAN are displayed. A comparison of various approaches is also taken into 

account. 

 

4.1. Visualization of data 

 

Prior to starting the clustering process, the distribution of RFM values was examined.  

 

Figures 1, 2, and 3 clearly show that we have outliers. The Box-Cox transformation is a statistical technique that 

alters our aim variable so that your data closely resembles a normal distribution.  

 

Figure 4 shows that there aren't many outliers that could have an impact on the grouping results. Observations 
that substantially depart from the norm, either positively or negatively, are known as outliers. Erroneous 
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inferences and conclusions may result from these aberrant data points' excessive influence on statistical results, 

especially on measures of central tendency like the mean. Therefore, we eliminate these anomalies and use our 

clustering techniques without them.  

 

Figure 1: Box plot for recency values 

 

Figure 2: Box plot for frequency values 

 

 

Figure 3: Box plot for monetary values 
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Figure 4: 3D for the three values after correcting the outlier problem 

 

4.2. Use Q-CUT 

Following the acquisition of RFM values, the Q-CUT method is used to impute the R, F, M, and RFM scores. 

Each recency score ranged from 1 to 4. Recency values take one in the first quarter and four in the fourth. As a 
result, all scores with a value of one indicate that the customers who fall into the highest category (i.e., 111) and 

have completed a transaction will continue to remember the product in their minds, which will increase the 

likelihood that they will purchase or use it in the future. Similarly, frequency and money received scores ranging 

from 1 to 4, with the first quarter receiving a score of 4 and the fourth quarter receiving a score of 1. Table 3 

summarizes the frequency distribution for RFM score after taking the Q-CUT approach into account. 

 

4.3. K-means clustering technique 

Splitting n observations into k clusters and assigning each observation to the cluster with the closest mean value 

(also called the cluster centroid or cluster center) is the main goal of the K-means clustering, a popular vector 

quantization technique that first appeared in the signal processing field. Voronoi cells, which divide the data 

space, are the result of this procedure. It should be noted that the only metric that minimizes Euclidean distances 

is the geometric median. However, for a more complicated Weber problem, K-means clustering works better at 

minimizing within-cluster variances (squared Euclidean distances) than normal Euclidean distances. Thus, 

improved Euclidean solutions can be obtained by using k-medians and k-medoids (Ahmed et al., 2020).  
The elbow approach has become a well-liked heuristic for figuring out the ideal number of clusters in a given 

dataset in the field of cluster analysis, which is a common technique for unsupervisedly classifying items into 

related subsets. Plotting the explained variation—a measure of the total variance that the clustering algorithm 

accounts for—as a function of the number of clusters taken into consideration is the fundamental task of this 

method. The elbow of the curve, which is the point on the curve where the slope noticeably changes, is then 

chosen as the ideal number of clusters to use. It should be noted that by applying the same fundamental idea of 

locating the elbow point on the pertinent curve, this technique can be applied to other data-driven models, such 

as principal component analysis, which seeks to capture the greatest amount of variance in a dataset using a 

smaller set of variables.  

A predefined value of k is used to carefully choose a set of k random points as the initial centroids in the first 

stage of the clustering method. The Euclidian distance between each data point and the previously selected 

centroids is then painstakingly calculated as part of a comprehensive evaluation procedure that is applied to 

every single data point in the dataset. Third, after the distance evaluation process is finished, the calculated 

values are carefully compared to see which centroid has the shortest Euclidian distance value. Then, using an 

effective and efficient assignment mechanism, the data point in question is assigned to the appropriate centroid. 
The last objective is to obtain an ideal clustering solution by carefully repeating the previous processes. The 

entire procedure is closely watched, and it is only stopped when it is established that the clusters produced are 

the same as those from the prior iteration (Sinaga & Yang, 2020). 

 

The customer dataset with "n" instances k—the number of clusters—is the input for this study. The customer 

data divided into k clusters is the output. 

Three is the ideal number of clusters, according to Figure 5. Therefore, we will partition our consumer base into 

Figures 6, 7, and 8. 

 

 

4.4. Using DBSCAN for clustering  

Starting with a randomly chosen data point from the dataset, the current algorithmic methodology for DBSCAN 

clustering iteratively repeats this process until all points have been visited. All "minPoint" data points are 

considered to be part of the same cluster if there are a minimal number of them within a given "ϵ" radius of the 

selected point. At the end of the process, the clusters are iteratively expanded by repeatedly calculating the 

surrounding area for each neighboring point. The entire clustering procedure using DBSCAN is depicted in 

Figure 11.  

It can be concluded from Figures 9, 10, and 12 that grouping clients into six different groups is a more sensible 

and direct strategy.  
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Figure 5: The elbow method for the second method 

 

 

 

 

 

 

 

 

 

Figure 6: Boxplot within clusters of customers among recency values 

 

Figure 7: Boxplot within clusters of customers among frequency values 
 

 

Figure 8: Boxplot within clusters of customers among monetary values 
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Figure 9: 2-D clustering using DBSCAN 
 

 

Figure 10: 3-D clustering using DBSCAN 
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Figure 11: DBSCAN clustering 
 

 

Figure 12: Clustering using DBSCAN among frequency 
 

 

5. Conclusion 

Using mostly transactional data, the current work's main goal is to offer a combination of ML and RFM analysis 

tools for churn prediction. The internet retail dataset served as the source of the dataset. Based on the 

information at hand, each customer's RFM scores are calculated. a churn metric that shows if a consumer has 

completed a transaction within a certain amount of time. Among the several methods discussed in the literature, 

this is the first study to take into account customer segmentation in order to use Box-Cox transformation to deal 

with the outlier. Additionally, this study is the first in the UK to use this kind of client segmentation. 

Additionally, we alter it to look more like a normal distribution, which enhances the study's findings. 

This report presents a comparison of various strategies. K-means and DBSCAN clustering were employed. By 

the end of this research, it can be concluded that the division of customers into six different clusters is a more 

easy and practical method. The clear division of the groups as shown in the several clustering method plots 

supports this even more. Therefore, it is now the responsibility of marketing managers and customer insight 
teams to determine the best communication or promotional strategy to use in order to move people from one 

segment to another or possibly attract more customers to a new segment, which should be placed in the upper 

right corner of the plots.  

By adding more relevant input factors based on the topic area, data scientists can enhance the prediction process 

and generate a more accurate estimate of customer turnover in subsequent work. However, this would provide 

customer relationship strategists a competitive edge in retaining their lucrative clientele and lowering unwanted 

turnover. Other classification techniques including logistic regression, decision trees, support vector machines, 

and neural networks should also be taken into account in future research.   
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