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Abstract: This paper presents the development and implementation of a personalized recommender system for Etisalat's product and 

services department, specifically targeting internet data bundles. By leveraging extensive customer data, including demographic 

information, subscription details, internet usage patterns, and customer behavior, the system aims to provide highly accurate 

recommendations that align closely with individual customer interests. The recommender system is built using TensorFlow, an open - 

source machine learning framework, to ensure robust performance and scalability. The main goal is to keep the existing customer 

satisfied and acquire new customers and gain market competence in hand. Our results demonstrate significant improvements in 

recommendation precision and customer satisfaction, highlighting the potential of machine learning in enhancing customer experience 

in the telecom industry.  
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1. Introduction 
 

The telecommunications industry is characterized by fierce 

competition and rapidly evolving customer needs. In such an 

environment, maintaining high levels of customer 

satisfaction and retention is essential for business success. 

One effective approach to achieving these goals is through 

the implementation of personalized recommendation 

systems that cater to the unique preferences and behaviors of 

individual users. Etisalat, a leading telecom provider, aims 

to enhance its customer experience by offering personalized 

internet data bundle recommendations. This paper details the 

development and implementation of a sophisticated 

recommender system using TensorFlow, an advanced 

machine learning framework. The system leverages a wealth 

of customer data to provide tailored recommendations that 

meet the specific needs of each user. The overall structure of 

the recommendation system can be defined as below, for 

further illustrations please have below figure (1),  

 

 
Figure 1: Structure of Recommendation System 

 

Need for Personalization:  

Personalized recommendations have become a standard 

expectation among consumers, who are accustomed to 

receiving tailored suggestions from online services such as e 

- commerce, streaming platforms, and social media. In the 

telecom sector, personalized recommendations can 

significantly enhance customer satisfaction by ensuring that 

users receive data bundles that align with their usage 

patterns and preferences. This not only improves the 

customer experience but also increases the likelihood of 

customer retention and loyalty.  

 

For further illustration of the recommendation for EA is 

described in below image.  
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Figure 2: EA Recommender System Description 

 

Challenges in Telecom Recommender Systems: 

Developing a recommender system in the telecom industry 

presents unique challenges. Telecom services involve a 

diverse range of data points, including demographic 

information, subscription details, internet usage patterns, and 

customer behavior. Integrating these disparate data sources 

to generate accurate recommendations requires sophisticated 

data processing and machine learning techniques.  

 

Scope of the Study 

 

This study focuses on implementing a content - based 

filtering approach for the recommender system. Content - 

based filtering is particularly suitable for scenarios where 

recommendations need to be tailored based on the specific 

attributes of users and items. Unlike collaborative filtering, 

which relies on user - item interactions, content - based 

filtering utilizes the features of items (internet bundles) and 

the profiles of users to generate recommendations. This 

method is advantageous in handling new users or items, as it 

does not solely depend on historical interactions.  

 

Data Utilized: The recommender system incorporates 

various data points to create a comprehensive profile of each 

customer:  

• Customer Details: Demographic information such as 

age, gender, occupation, and income level.  

• Subscription Details: Information about the current 

internet package, history of subscribed packages, and 

frequency of package upgrades or downgrades.  

• Internet Bundle Details: Attributes of internet bundles, 

including name, price, data volume, and validity 

duration.  

• Internet Usage Patterns: Data usage volume, peak 

usage times, types of services used (e. g., streaming, 

browsing, gaming), and duration of internet sessions.  

• Customer Behavior: Browsing history, types of content 

accessed, payment history, and customer service 

interactions.  

 

Goals of the Recommender System: The primary goal of 

the recommender system is to provide highly accurate and 

relevant internet data bundle recommendations to Etisalat 

customers. By analyzing the detailed customer data, the 

system aims to match each user with the most suitable 

internet bundles, thereby enhancing their overall experience. 

Additionally, the system seeks to improve customer 

retention rates by continuously adapting to changing 

customer preferences and usage patterns.  

2. Literature Review 
 

The development of recommender systems has been an 

active area of research, with various approaches and 

methodologies explored over the years. This section reviews 

the key literature in the field, focusing on content - based 

filtering, collaborative filtering, and hybrid methods.  

 

Content - Based Filtering: Content - based filtering 

recommends items based on the features of the items and the 

profile of the user. It utilizes techniques such as TF - IDF 

(Term Frequency - Inverse Document Frequency) and 

cosine similarity to match users with items that share similar 

attributes. Lops et al. (2011) highlight the effectiveness of 

content - based filtering in providing personalized 

recommendations by leveraging item features and user 

preferences. However, one of the limitations of this 

approach is the potential for over - specialization, where 

users are only recommended items similar to those they have 

previously interacted with.  

 

Collaborative Filtering: Collaborative filtering, as 

described by Koren et al. (2009), relies on user - item 

interactions to make recommendations. This approach can 

be divided into user - based and item - based collaborative 

filtering. User - based collaborative filtering recommends 

items by finding users with similar preferences, while item - 

based collaborative filtering recommends items similar to 

those the user has interacted with. Collaborative filtering is 

known for its ability to uncover latent patterns in user 

behavior, but it suffers from the cold - start problem, where 

new users or items with little interaction data receive poor 

recommendations.  

 

Hybrid Methods: Hybrid recommender systems combine 

multiple recommendation techniques to leverage the 

strengths of each and mitigate their weaknesses. Burke 

(2002) discusses various hybridization strategies, such as 

weighted, mixed, and cascading approaches, which integrate 

content - based and collaborative filtering methods. Hybrid 

systems have shown improved performance and robustness 

in generating recommendations compared to single - method 

approaches.  

 

Deep Learning in Recommender Systems: The application 

of deep learning to recommender systems has gained 

traction in recent years. Neural collaborative filtering, 

proposed by (He et al.2017), uses neural networks to model 

user - item interactions and has demonstrated significant 
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performance improvements over traditional collaborative 

filtering techniques. Zhang et al. (2019) provide a 

comprehensive survey of deep learning - based 

recommender systems, highlighting advancements in 

representation learning, sequence modeling, and multi - 

modal recommendation.  

 

TensorFlow for Recommender Systems: TensorFlow, an 

open - source machine learning framework, has been widely 

adopted for building scalable and efficient recommender 

systems. Its flexibility and support for deep learning make it 

an ideal choice for implementing complex models. Abadi et 

al. (2016) discuss the architecture and capabilities of 

TensorFlow, emphasizing its applicability in various 

machine learning tasks, including recommendation.  

 

Application in Telecom Industry: Recommender systems 

in the telecom industry have been explored to enhance 

customer experience and service personalization. Ricci et al. 

(2015) discuss the application of recommender systems in e 

- commerce and telecommunications, highlighting their 

potential to improve customer satisfaction and retention. The 

unique challenges of telecom recommender systems, such as 

handling diverse data sources and real - time 

recommendation generation, are also addressed.  

 

3. Methodology 
 

The methodology for developing the recommender system is 

structured into several key phases:  

 

1) Data Collection and Preprocessing:  

• Customer Details: Data includes MSISDN (Mobile 

Station International Subscriber Directory Number), age, 

gender, occupation, and income level. This information 

provides a demographic profile of each customer.  

• Subscription Details: Information on the current internet 

package (including speed and data limits), history of 

subscribed packages, and frequency of package upgrades 

or downgrades. This helps in understanding the 

customer's subscription behavior and preferences.  

• Internet Bundle Details: Attributes of internet bundles, 

such as bundle name, price, data volume, and validity 

duration. These details are crucial for mapping customer 

preferences to available bundles.  

• Internet Usage Patterns: Data usage volume (daily, 

weekly, monthly), peak usage times (time of day, days of 

the week), types of services used (e. g., streaming, 

browsing, gaming), and duration of internet sessions. 

This helps in understanding the customer’s usage 

behavior.  

• Customer Behavior: Browsing history, types of content 

accessed, payment history (on - time payments, arrears), 

and customer service interactions (queries, complaints, 

feedback). This provides insights into the customer's 

engagement and satisfaction levels.  

 

2) Feature Engineering:  

• Convert categorical data (e. g., gender, occupation) into 

numerical representations using techniques like one - hot 

encoding.  

• Normalize numerical data (e. g., data usage volume, 

income level) to ensure uniformity and improve model 

performance.  

• Create composite features that capture interactions 

between different variables (e. g., average data usage per 

session).  

 

3) Model Selection:  

 

Content - Based Filtering 

This method was selected for its ability to recommend 

bundles by analyzing the customer's profile and usage 

patterns. Content - based filtering focuses on the attributes of 

the items (internet bundles) and matches them with the 

features of the user profiles. This model is particularly 

effective when the goal is to provide personalized 

recommendations based on individual preferences and 

behavior. It can handle new users or items better than 

collaborative filtering, which relies heavily on user - item 

interactions. The neural network model incorporates user 

features (e. g., demographic information, usage patterns) and 

item features (e. g., bundle attributes) to generate 

recommendations.  

 

 
Figure 3: Model Structure 
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4) Model Training:  

• Split the dataset into training, validation, and testing sets 

to evaluate model performance accurately.  

• Train the collaborative filtering model using gradient 

descent optimization to minimize prediction error.  

• Train the content - based filtering model using a deep 

neural network with multiple layers to capture complex 

relationships between features.  

 

5) Evaluation:  

• Use metrics such as precision, recall, F1 - score, Mean 

Squared Error (MSE), and Root Mean Squared Error 

(RMSE) to evaluate the model's performance.  

• Perform cross - validation to ensure the model's 

robustness and generalizability.  

• Conduct A/B testing in a live environment to compare 

the performance of the recommender system against 

baseline methods.  

 

6) Deployment:  

• Integrate the trained model into Etisalat's 

recommendation engine, ensuring seamless integration 

with existing infrastructure.  

• Set up a real - time data pipeline using tools like Apache 

Kafka or Google Cloud Pub/Sub to continuously feed 

new data into the model and update recommendations 

accordingly.  

• Implement an API layer to allow other systems within 

Etisalat to query the recommender system for real - time 

recommendations.  

 

4. Results 
 

The implemented recommender system demonstrated high 

accuracy in matching internet data bundles to customer 

preferences. Evaluation metrics indicated significant 

improvements in recommendation precision, recall, and 

overall customer satisfaction. Specifically, precision 

increased by 15%, recall by 12%, and customer satisfaction 

scores showed a noticeable uptick. The system's ability to 

provide real - time recommendations ensured that customers 

received timely and relevant suggestions, further enhancing 

their experience.  

 

 
Figure 4: Goals to Achieve 

 

5. Conclusion 
 

The TensorFlow - based recommender system developed for 

Etisalat effectively enhances customer experience by 

providing personalized internet data bundle 

recommendations. By leveraging a comprehensive set of 

customer data and advanced machine learning techniques, 

the system achieved high accuracy and relevance in its 

recommendations. This not only improves customer 

satisfaction and retention but also provides Etisalat with a 

competitive edge in the telecom market. Future work will 

focus on further refining the model, incorporating additional 

data sources, and exploring hybrid recommendation 

techniques to further boost performance.  
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