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Abstract: In this era of Internet, there are many lots of retailers in the e-commerce industry for whom the 

customers are assets. E-commerce means buying and selling the products through Internet in online mode. 

E-commerce established many employment opportunities to the people from anywhere because there is no 

direct interaction between the seller and the buyer. Many people are purchasing things using this e-commerce 

application. There are many e-commerce websites available for the customers. So the Retailers want to 

analyze their relationship with the customers so that they can produce or buy the goods according to their 

requirements. However, this work mainly focuses on predicting the customer lifetime value (CLV) using Beta-

Geometric/Negative Binomial Distribution Model (BG\NBD) and Gamma-Gamma Model. 
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I. INTRODUCTION 

More people buying things using these e-commerce websites because of quick response. There are many offers available 

also compared to direct purchase. Here, mainly the retailer has to focus on maintaining customer relationship using 

Customer Relationship Management (CRM). To maintain this CRM, computation of the lifetime value of the customer 

which is known as Customer Lifetime Value (CLV) is needed. 

As long as a customer remains as a client, retailer’s income can be expected from the customer. The measure of this total 

income for a business is called as Customer Lifetime Value. To measure CLV, certain things had to be known such as, 

expected number of transactions, revenue per transaction and margin assigned by the company. To simplify this process 

they need to divide the company’s CLV into segments which helps them to focus on high CLV customers and apply the 

same strategy across the whole customer base. CLV help to understand that, to what extent a customer like the product 

or the services that the company provides there by the company can understand the area in which they have to improve. 

Here the complexity arises in acquiring the new customers so it is necessary to retain the existing customers which will 

help in knowing the high CLV customers to generate more revenue and retaining the existing customers will helps in 

reducing the expenditure cost of the company. The increasing CLV helps the company to know that, it is making a better 

impression on the customers. 

 

II. LITERATURE SURVEY 

Asiman Mammadzada et al [1], has published a paper in which it is found that the BG/NBD and Gamma-Gamma Model 

has obtained the satisfactory results by considering the total amount of financial transactions and the number of 

transactions made by the customers. 

Arsie P. Mauricio et al [2], has used Binomial Logistic Regression, Multilayer Perceptron Neural Network and Multiple 

Linear Regression model for predicting the CLV. The accuracy of Binomial Logistic Regression model was found to be 

94.1% for churn and not-churn customers. 

Benjamin Paul Chamberlain et al [3], describe the Random Forest and Neural Network model to predict CLV for ASOS 

global e-commerce company. They have developed a hybrid model that combines the above mentioned models. 

Pavel Jasek et al [5], in their paper, it has made comparison on performance of Petro family models for CLV calculation 

Even though there are no ideal models, BG/NBD and Petro/NBD models comparatively gave the good and stable results. 

Than Than Win et al [8], has published the paper, it has implemented Random Forest Model to predict the CLV. The 

performance of this model was well and it has given good f1-score and high accuracy for high class customers. 



IJARSCT  ISSN (Online) 2581-9429 

    

 

       International Journal of Advanced Research in Science, Communication and Technology (IJARSCT) 

  

 Volume 2, Issue 6, June 2022 
 

Copyright to IJARSCT                          DOI: 10.48175/IJARSCT-5162 806 
www.ijarsct.co.in 

Impact Factor: 6.252 

Yi Wang et al [10], describes on CLV. Here, Artificial Neural Network (ANN) and Multi-Layer Perceptron (MLP) 

models were utilized to calculate CLV. Further, it is observed that there is difficulty in calculating CLV for the prepaid 

customers due to associated cross-selling and up-selling effects. 

 

III. PROPOSED METHODOLOGY 

3.1 Algorithm: CLV 

 Step 1: Load the dataset. 

 Step 2: Removing rows containing null values. 

 Step 3: Calculating the total sales. 

 Step 4: Calculating frequency, recency, T, monetary_value. 

 Step 5: Fitting the BG/NBD model. 

 Step 6: Calculating the probability of alive customers and predicting the number of transactions using BG/NBD 

model. 

 Step 7: Fitting Gamma-Gamma model. 

 Step 8: Calculating expected average sales. 

 Step 9: Calculating Customer Lifetime Value (CLV) in Days, Months and Years. 

 Step 10: Classification of customers as Platinum, Gold, Silver and Bronze using CLV. 

 
3.2 Block Diagram 

Block diagram of the proposed work is shown in figure1 below. The Online retail dataset used for the proposed work is 

taken from the UCI Machine Learning Repository. This dataset is cleaned and manipulated based on the requirements of 

the methodology. Then Total sales, Frequency, Recency, T and Monetary Value will be calculated. Here, the dataset will 

be trained using BG/NBD and Gamma-Gamma models. Using these two models it will calculate the Probability of the 

alive customers, Predicting number of transactions, calculates expected average sales, later it will also predict the CLV 

in days, months and years after  it will classify the customers based on CLV.  

 
 

IV. RESULT ANALYSIS 
The result analysis is used to give the experimental results of the proposed work that is calculating the total sales, 

frequency, recency, T, monetary value, probability of alive customers, predicting number of transactions, expected 

average sales, CLV. 

Sl No. Customer ID Invoice Date Total Sales 

(Rs. Thousands per day) 

1 17850.0 2010-12-01 15.30 

2 17850.0 2010-12-01 20.34 
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3 17850.0 2010-12-01 22.00 

4 17850.0 2010-12-01 20.34 

5 17850.0 2010-12-01 20.34 

Table 1: Calculating the total sales 

The above Table 1 represents the calculation of Total sales, which can be obtained by multiplying the quantity with unit 

price. It will helps for further analysis. 

Table 2: Calculating the probability of alive customers and predicting number of transactions 

Sl 

No. 

Customer 

ID 

Frequency Recency T (age in time 

units) 

Monetary 

Value 

Probability 

of alive 

customers 

Predicted 

number of 

transactions 

1 14911.0 131.0 372.0 373.0 1093.661679 0.999966 8.95 

2 12748.0 113.0 373.0 373.0 298.360885 0.999971 7.73 

3 17841.0 111.0 372.0 373.0 364.452162 0.999962 7.59 

4 15311.0 89.0 373.0 373.0 677.729438 0.999964 6.10 

5 14606.0 88.0 372.0 373.0 135.890114 0.999955 6.03 

 

In Table 2, it represents the calculation of probability of alive customers and predicting the number of transactions, which 

is done by using frequency, recency and T. 

Table 3: Calculating the expected average sales 

Sl 

No. 

Customer 

ID 

Frequency Recency T 

(age in 

time 

units) 

Monetary 

Value 

Probabilit

y of alive 

customers 

Predicted 

number of 

transactions 

Expected 

average 

sales 

1 12347.0 6.0 365.0 367.0 599.701667 0.999698 0.47 603.04 

2 12348.0 3.0 283.0 358.0 301.480000 0.9999177 0.27 306.73 

3 12352.0 6.0 260.0 296.0 368.256667 0.999405 0.56 371.03 

4 12356.0 2.0 303.0 325.0 269.905000 0.999478 0.22 277.56 

5 12358.0 1.0 149.0 150.0 683.200000 0.999486 0.25 704.70 

 

In Table 3, it represents the calculation of expected average sales, which is done by using frequency and monetary value. 

Table 4: Calculating the customer lifetime value 

Sl 

No

. 

Customer 

ID 

Fr

eq

ue

nc

y 

Rece

ncy 

T 

(age 

in 

time 

units) 

Monetary 

Value 

Probabilit

y of alive 

customers 

Predicted 

number 

of 

transacti

ons 

Expected 

average 

sales 

Manual 

predicted 

CLV 

CLV 

1 12347.0 6.0 365.0 367.0 599.701667 0.999698 0.47 603.04 283.43 14.17 

2 12348.0 3.0 283.0 358.0 301.480000 0.9999177 0.27 306.73 82.82 4.14 

3 12352.0 6.0 260.0 296.0 368.256667 0.999405 0.56 371.03 207.78 10.39 

4 12356.0 2.0 303.0 325.0 269.905000 0.999478 0.22 277.56 61.06 3.05 

5 12358.0 1.0 149.0 150.0 683.200000 0.999486 0.25 704.70 176.18 8.81 

 

The above Table 4 represents the calculation of Customer Lifetime value (CLV), which is obtained by multiplying  

predicted number of transactions, average number of transactions and margins (it is set by the company). 
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Figure 2: Graph for visualizing the CLV based on Customer ID 

In Figure 2, the bar graph represents vizualization of CLV based on CustomerID. In x-axis, it is considering customerid 

and in y-axis, it is considering CLV. The above graph represents the profit to the company (i.e. CLV) by individual 

customer. 

 

4.1 Output Samples 

In the below snapshots, snapshot A calculates the total sales. Snapshot B will calculate the probability of customers who 

are alive and number of transactions of the customer. Snapshot C calculates the average sales. Snapshot D calculates the 

customer lifetime value by multiplying the manual_predicted_clv with the margins assigned by the company. 

 
 

A. Calculation of Total_sales 

 
 

B. Calculation of probability_alive and pred_num_tst 
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C. Calculation of  exp_avg_sales 

 
Calculation of CLV 

 

V. CONCLUSION 

In this project work, BG or NBD and Gamma-Gamma models were used to predict Customer Lifetime Value for online 

retail purchasing. The BG or NBD-model, mainly focuses on the transaction of customers (alive) and predict their 

involvement over a period of 30 days. Here, the comparison is made between actual transactions and the predicted 

transactions. It has error rate of 2.8% which is comparatively less than other models. This model also predicts individual 

future transactions. The Gamma-Gamma model is used to predict the net future profit to the company. Here, the customers 

have been classified into different segments based on the net profit and duration of their involvement in the company. 
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