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[bookmark: _Toc165558385]Introduction
Customer loyalty is essential for company success in the very competitive telecoms market. Loss of clients to rivals, or customer churn, may have a big effect on a business's profitability and revenue. As it enables telecom businesses to proactively identify consumers at danger of leaving and put in place focused retention tactics, forecasting customer churn has become an essential responsibility. 
"How can classification models be effectively employed to predict customer churn in the telecom industry, and what are the key factors that contribute to their performance?" is the research issue this review of the literature addresses. 
Key concepts
1. Customer Churn Prediction
2. Classification Models
3. Telecom Industry
4. Predictive Analytics

Synonyms
· Customer churn: customer attrition, customer defection, customer turnover
· Classification models: machine learning algorithms, predictive models
· Telecom industry: telecommunications, mobile operators, service providers
[bookmark: _Toc165558386]Search Process Summary
The Discovery database (discovery.researcher.life) and IEEE Xplore were among the academic databases searched for this literature study. The search phrases combined terminology on classification models, the telecom sector, customer churn prediction, and pertinent approaches or methods. 
The choice of databases was made with an eye on covering a wide spectrum of peer-reviewed articles in data analytics, telecommunications, and computer science. Although the Discovery database offered a wider range for multidisciplinary study, IEEE Xplore and ACM Digital Library were selected for their thorough coverage of conference proceedings and journal articles in these fields. 
It was clear from the search process how much material there was on customer churn prediction in the telecom sector. Although there were many of materials available, it made it difficult to choose the best and most relevant articles. This was addressed by iteratively improving the search technique and adding more filters to concentrate on current papers and those that specifically addressed classification models and the telecom industry. 


[bookmark: _Toc165558387]Database 1: IEEE Xplore
	Inquiry ID
	Posing Issue?
	Search Phrases
	Time Span Used
	Journals Count
	Conferences Count
	Personalized Observations

	1
	What predicts customer churn in telecoms?
	Customer churn, telecom sector
	2018-2023
	2
	86
	I modified the search term from "telecom" to "telecom sector" to broaden the contextual understanding of industry-specific strategies.

	2
	Analysis method for telecom customer churn?
	Customer churn analysis, telecom
	2019-2023
	2
	53
	To be more industry-specific, I focused on using "telecom" as a keyword to filter relevant studies on churn analysis.

	3
	Which models classify churn prediction best?
	Churn prediction, classification
	2020-2023
	13
	136
	Many approaches were compared, prompting me to use a more targeted search phrase for classification methods in churn prediction.

	4
	Role of machine learning in customer churn?
	Customer churn, machine learning
	2019-2023
	13
	196
	I explored using "machine learning" as a broad term to see its general application across studies focusing on churn.

	5
	Predictive analytics for churn in telecom?
	Predictive analytics, telecom churn
	2019-2021
	0
	5
	I adjusted the publication filter range to capture more recent studies that could potentially use updated methodologies.

	6
	Impact of feature engineering on churn prediction?
	Feature engineering, churn
	2017-2020
	14
	86
	I chose to narrow the range to recent years to ensure the capture of current technological advances in feature engineering.

	7
	How is telecom dataset used for churn analysis?
	Telecom data, churn analysis
	2018-2023
	2
	24
	I expanded the search to include general data-related terms to obtain broader results on how datasets are utilized.

	8
	Comparative analysis effectiveness for churn models?
	Churn prediction, comparative study
	2020-2023
	1
	15
	I used "comparative study" to delve into how different models stack against each other in the realm of churn prediction.

	9
	What metrics evaluate telecom churn?
	Evaluation metrics, telecom churn
	2019-2023
	1
	1
	I selected a random recent time frame to focus on the latest methods and evaluation metrics being used in the industry.

	10
	Does supervised learning predict customer churn effectively?
	Supervised learning, churn
	2020-2023
	2
	29
	I sought to examine the effectiveness of supervised learning by pinpointing studies that specifically mention this technique.

	11
	Logistic regression's role in telecom churn analysis?
	Logistic regression, telecom churn
	2020-2023
	0
	31
	Many more studies needed to be included to get a comprehensive view, hence the specific focus on logistic regression.

	12
	Decision tree model accuracy for churn prediction?
	Decision tree, churn prediction
	2017-2020
	6
	169
	I was compelled to adjust the search to include decision trees to see their specific role and accuracy in churn predictions.

	13
	How does random forest improve telecom customer churn strategies?
	Random forest, telecom churn
	2020-2023
	2
	71
	I revised the search to focus on random forest techniques due to their increasing popularity in churn mitigation strategies.

	14
	Efficiency of SVM in churn prediction?
	SVM, churn prediction
	2018-2023
	9
	147
	I employed a narrower search term "SVM" to focus on its specific application and efficiency in churn prediction studies.

	15
	Gradient boosting techniques in telecom churn analysis?
	Gradient boosting, telecom churn
	2020-2023
	0
	18
	I, too, have adjusted the years to recent ones to ensure inclusion of the latest studies using gradient boosting methods.



[bookmark: _Toc165558388]Database 2: ACM digital library
	Inquiry ID
	Posing Issue?
	Search Phrases
	Time Span Used
	Journals Count
	Personalized Observations

	1
	What predicts customer churn in telecoms?
	Customer churn, telecom sector
	2019-2024
	22,085
	I adjusted the search term from "telecom" to "telecom sector" to capture broader industry-specific studies on customer churn.

	2
	Analysis method for telecom customer churn?
	Customer churn analysis, telecom
	2018-2023
	27,395
	To be more industry-specific, I focused on using "telecom" as a keyword to filter relevant studies on churn analysis.

	3
	Which models classify churn prediction best?
	Churn prediction, classification
	2019-2024
	28,590
	Many approaches were compared, prompting me to use a more targeted search phrase for classification methods in churn prediction.

	4
	Role of machine learning in customer churn?
	Customer churn, machine learning
	2019-2024
	28,252
	I explored using "machine learning" as a broad term to see its general application across studies focusing on churn.

	5
	Predictive analytics for churn in telecom?
	Predictive analytics, telecom churn
	2020-2023
	27,955
	I adjusted the publication filter range to capture more recent studies that could potentially use updated methodologies.

	6
	Impact of feature engineering on churn prediction?
	Feature engineering, churn
	2018-2022
	28,285
	I chose to narrow the range to recent years to ensure the capture of current technological advances in feature engineering.

	7
	How is telecom dataset used for churn analysis?
	Telecom data, churn analysis
	2019-2023
	27,853
	I expanded the search to include general data-related terms to obtain broader results on how datasets are utilized.

	8
	Comparative analysis effectiveness for churn models?
	Churn prediction, comparative study
	2018-2023
	28,717
	I used "comparative study" to delve into how different models stack against each other in the realm of churn prediction.

	9
	What metrics evaluate telecom churn?
	Evaluation metrics, telecom churn
	2018-2022
	27,961
	I selected a random recent time frame to focus on the latest methods and evaluation metrics being used in the industry.

	10
	Does supervised learning predict customer churn effectively?
	Supervised learning, churn
	2019-2023
	25,165
	I sought to examine the effectiveness of supervised learning by pinpointing studies that specifically mention this technique.

	11
	Logistic regression's role in telecom churn analysis?
	Logistic regression, telecom churn
	2018-2023
	27,374
	Many more studies needed to be included to get a comprehensive view, hence the specific focus on logistic regression.

	12
	Decision tree model accuracy for churn prediction?
	Decision tree, churn prediction
	2019-2024
	22,998
	I was compelled to adjust the search to include decision trees to see their specific role and accuracy in churn predictions.

	13
	How does random forest improve telecom customer churn strategies?
	Random forest, telecom churn
	2018-2023
	23,572
	I revised the search to focus on random forest techniques due to their increasing popularity in churn mitigation strategies.

	14
	Efficiency of SVM in churn prediction?
	SVM, churn prediction
	2019-2023
	28,260
	I employed a narrower search term "SVM" to focus on its specific application and efficiency in churn prediction studies.




[bookmark: _Toc165558389]Database 3: DISCOVERY 
	Inquiry ID
	Posing Issue?
	Search Phrases
	Time Span Used
	Conference Papers Count
	Articles Count
	Personalized Observations

	1
	What predicts customer churn in telecoms?
	Customer churn, telecom sector
	2019-2024
	1,423,060
	17,545,822
	I adjusted the search term from "telecom" to "telecom sector" to capture broader industry-specific studies on customer churn.

	2
	Analysis method for telecom customer churn?
	Customer churn analysis, telecom
	2018-2023
	318,456
	4,702,202
	To be more industry-specific, I focused on using "telecom" as a keyword to filter relevant studies on churn analysis.

	3
	Which models classify churn prediction best?
	Churn prediction, classification
	2019-2024
	1,260,595
	14,231,894
	Many approaches were compared, prompting me to use a more targeted search phrase for classification methods in churn prediction.

	4
	Role of machine learning in customer churn?
	Customer churn, machine learning
	2019-2024
	1,287,306
	14,228,841
	I explored using "machine learning" as a broad term to see its general application across studies focusing on churn.

	5
	Predictive analytics for churn in telecom?
	Predictive analytics, telecom churn
	2020-2023
	1,422,384
	17,573,678
	I adjusted the publication filter range to capture more recent studies that could potentially use updated methodologies.

	6
	Impact of feature engineering on churn prediction?
	Feature engineering, churn
	2018-2022
	1,248,140
	14,114,545
	I chose to narrow the range to recent years to ensure the capture of current technological advances in feature engineering.

	7
	How is telecom dataset used for churn analysis?
	Telecom data, churn analysis
	2019-2023
	1,300,762
	14,937,321
	I expanded the search to include general data-related terms to obtain broader results on how datasets are utilized.

	8
	Comparative analysis effectiveness for churn models?
	Churn prediction, comparative study
	2018-2023
	1,627,304
	18,800,382
	I used "comparative study" to delve into how different models stack against each other in the realm of churn prediction.

	9
	What metrics evaluate telecom churn?
	Evaluation metrics, telecom churn
	2018-2022
	1,248,658
	14,185,162
	I selected a random recent time frame to focus on the latest methods and evaluation metrics being used in the industry.

	10
	Does supervised learning predict customer churn effectively?
	Supervised learning, churn
	2019-2023
	1,283,715
	14,231,416
	I sought to examine the effectiveness of supervised learning by pinpointing studies that specifically mention this technique.

	11
	Logistic regression's role in telecom churn analysis?
	Logistic regression, telecom churn
	2018-2023
	1,295,133
	14,964,382
	Many more studies needed to be included to get a comprehensive view, hence the specific focus on logistic regression.

	12
	Decision tree model accuracy for churn prediction?
	Decision tree, churn prediction
	2019-2024
	1,256,934
	14,266,745
	I was compelled to adjust the search to include decision trees to see their specific role and accuracy in churn predictions.

	13
	How does random forest improve telecom customer churn strategies?
	Random forest, telecom churn
	2018-2023
	1,223,894
	14,069,227
	I revised the search to focus on random forest techniques due to their increasing popularity in churn mitigation strategies.



[bookmark: _Toc165558390]Criteria for Inclusion and Exclusion
The selection criteria were created to concentrate on current and relevant literature that directly tackles the research issue. Publications published starting in 2019 were taken into account to guarantee that the results were current and representative of the state of the art. For relevance, the topic was limited to machine learning, data mining, telecommunications, and customer churn prediction. 
Table: Literature Review Inclusion and Exclusion
	Paper ID
	Title
	Included/Excluded

	1
	Predicting Customer Churn In Telecom Industry: A Machine Learning Approach For Improving Customer Retention
	Included

	2
	Exploratory Data Analysis and Customer Churn Prediction for the Telecommunication Industry
	Included

	3
	A Comparison of Machine Learning Algorithms for Customer Churn Prediction
	Included

	4
	Customer Churn Prediction in Telecom Sector with Machine Learning and Information Gain Filter Feature Selection Algorithms
	Included

	5
	A Customer Churn Prediction Model Based on XGBoost and MLP
	Included

	6
	Exploratory Data Analysis and Customer Churn Prediction for the Telecommunication Industry
	Included

	7
	Comparative Study of Customer Churn Prediction Based on Data Ensemble Approach
	Included

	8
	A Churn Prediction Model Using Random Forest: Analysis of Machine Learning Techniques for Churn Prediction and Factor Identification in Telecom Sector
	Included

	9
	Telecom Customer Churn Prediction Using Supervised Machine Learning Techniques
	Included

	10
	Churn Prediction Model Based on Logistic Regression in the Telecommunications Industry: Big Data Analysis
	Included

	11
	Research on a Customer Churn Combination Prediction Model Based on Decision Tree and Neural Network
	Included

	12
	Predicting Customer Churn In Telecom Industry: A Machine Learning Approach For Improving Customer Retention
	Included

	13
	Evaluative study of cluster based customer churn prediction against conventional RFM based churn model
	Included

	14
	Research on Telecom Customer Churn Prediction Model Based on BA-BP Neural Network
	Included

	15
	Customer Churn Prediction Using Apriori Algorithm and Ensemble Learning
	Included

	16
	Enhanced Churn Prediction Model with Boosted Trees Algorithms in The Banking Sector
	Excluded

	17
	RFM-LIR Feature Framework for Churn Prediction in the Mobile Games Market
	Excluded

	18
	Analysis of an Optimized LightGBM Based on Different Objective Functions for Customer Churn Prediction in Telecom
	Included

	19
	Real Time Customer Churn Scoring Model for the Telecommunications Industry
	Included

	20
	A Survey on Artificial Intelligence in Telecommunication for Churn Prediction
	Included

	21
	perCLTV: A General System for Personalized Customer Lifetime Value Prediction in Online Games
	Excluded

	22
	Consistent Sampling of Churn Under Periodic Non-Stationary Arrivals in Distributed Systems
	Excluded

	23
	GeoLifecycle
	Excluded

	24
	Improved Customer Lifetime Value Prediction With Sequence-To-Sequence Learning and Feature-Based Models
	Excluded

	25
	Multi-disease Predictive Analytics: A Clinical Knowledge-aware Approach
	Excluded



The quality and reliability of the literature were guaranteed by include only peer-reviewed journal papers and conference proceedings. Works that did not use classification models or that did not particularly focus customer churn prediction in the telecom sector were not included. Language restrictions also kept non-English publications out. 

[bookmark: _Toc165558391]Analysis of Selected Literature
The chosen literature presents various important results, patterns, and noteworthy approaches for utilizing classification models to forecast customer churn in the telecom sector. One recurrent subject is the need of feature development and selection for raising classification model performance. Many research, like those by Yakub K. Saheed and Moshood A. Hambali (2021) and Qi Tang and Guoen Xia (2020), highlight the use of methods like information gain and feature significance analysis to determine the most important aspects for forecasting customer turnover. 
Applications of ensemble learning methods, which integrate many models to increase prediction accuracy, are another noteworthy development. The Apriori algorithm and ensemble learning are combined by Diaa Azzam et al. (2023) to anticipate churn, while Noviyanti Tri Maretta Sagala and Syarifah Diana Permai (2021) investigate the use of boosted tree algorithms in the banking industry. The performance of several categorization models—logistic regression, decision trees, random forests, support vector machines, and neural networks—in the context of customer churn prediction is compared in many papers. These models are thoroughly examined, pointing out both their advantages and disadvantages, by Parth Pulkundwar et al. (2023) and Irfan Ullah et al. (2019).bBecause they work well for churn prediction jobs, gradient boosting algorithms—XGBoost and LightGBM in particular—have become more well-known in recent years. Zheng You Lim and colleagues (2023) look at how various objective functions affect LightGBM's ability to forecast customer turnover in the telecom industry. Though much of the research is on creating and assessing categorization models, some also deal with useful issues such model deployment and monitoring. The need of integrating predictive models into operational systems is highlighted by Nyashadzashe Tamuka and Khulumani Sibanda's (2020) real-time customer churn score model for the telecoms sector. 
Though this area has advanced significantly, there are still unanswered questions and chances for further study. Managing unbalanced datasets—which are typical in customer turnover situations—is one area that can need further research. Class imbalance correcting techniques may enhance classification model performance and generalization. 
Future study might also look at how to include ethical issues into customer churn prediction. Predictive models must be made equitable and transparent as their use spreads so as not to reinforce prejudices or violate customer privacy. 
[bookmark: _Toc165558392]Conclusions
The state of the art in utilizing classification models to forecast customer churn in the telecom sector has been very insightfully shown by this literature search. The volume of writing on this subject shows how important this issue is and how much work is being done to solve it now.
A difficulty in the search procedure was the abundance of applicable articles, which needed to be carefully filtered and search phrases refined to find the most relevant papers. A further obstacle was access limitations to certain publications, which prevented full-text examination of several possibly pertinent materials. 
Notwithstanding these difficulties, a wide range of excellent articles that cover different facets of the study issue were eventually found by the search procedure. The chosen literature emphasizes how crucial feature engineering, ensemble learning, and the use of sophisticated machine learning techniques like gradient boosting techniques are to raising the accuracy of models for forecasting customer turnover. 
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