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Abstract: This study aims to develop a robust customer churn prediction model in the communications industry. Using various machine 

learning and analysis methods, we aim to improve the accuracy and efficiency of customer churn prediction. Our research explores 

integration techniques such as bundling and bracing to combine predictions from multiple models and reduce variability. We likewise lead 

awareness examination to assess the effect of various factors on the presentation model. We calibrate the model through factors like learning 

rate, number of layers, and group size and decide the best arrangement to assess the misfortune. We likewise broaden the existing 

examination of client rivalry forecasts in the correspondence business by consolidating the utilization of vast amounts of information. By 

utilizing the force of extensive information examination, we expect to build the versatility and effectiveness of client-agitate forecast 

models. Analysis of this study's consequences included using different AI calculations. The fundamental reason for this study is to anticipate 

client beat in the correspondence business utilizing AI and extensive information. Research has shown that client agitates can be precisely 

expected using this procedure. 
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1. Introduction 

In a severe and quickly evolving business, it is critical to 

foresee a client beat or stir (the probability that a client will 

quit working). Its significance comes from the binding 

monetary effect of client beat, making it a wellspring of 

worry in numerous enterprises. Adverse consequences 

include correspondence, business, protection, and less 

apparent products like betting. These organizations find 

solace in coordinating information science and AI methods 

by utilizing the force of prescient models. The power of 

huge amounts of information, combined with AI's high-

level calculations, brings prevalent client-beat investigation 

abilities, permitting organizations to proactively foresee and 

forestall client agitation. Furthermore, the café and travel 

industry understand AI's capability to comprehend client 

inclinations and increment brand reliability. By utilizing 

colossal information, prescient examination, and artificial 

reasoning, organizations in these enterprises have the 

chance to acquire better experiences in client commitment 

and cost commitment. AI models have been demonstrated 

to be significant devices for monetary foundations—phase 

of the client lifecycle.  

From responsive models to cutthroat deals and serious 

offers, these models investigate organized information like 

past clients and credit reimbursements to pursue informed 

choices. This permits monetary organizations to foresee 

business development, evaluate moneylenders' 

dissolvability, and further develop the advanced 

endorsement process. In correspondence, client agitate 

expectation has become progressively significant for 

organizations hoping to decrease stir rates and hold clients. 

AI strategies have been demonstrated to be extremely 

helpful in this field. Overwhelmingly of information created 

by correspondence organizations, AI calculations can 

recognize examples and signs that demonstrate potential 

client beat. 

One way to get momentum is to fill in as an interpersonal 

organization. This approach includes breaking down the 

connection between clients in the organization to distinguish 

persuasive individuals who can impact the way of others. 

By coordinating these assets into prescient models, Telcos 

can more readily figure out changes in client conduct and 

make vital field-tested strategies to decrease agitation. One 

more effective method for anticipating is to utilize backing 

and arbitrary woods models. Lu et al. showed that 

Supporting is successful in foreseeing client associations in 

business correspondences. This technique uses joint 

figuring out how to consolidate numerous frail students into 
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a solid model, subsequently working on the exactness of the 

forecast. Then again, Ullah et al. proposed using an Irregular 

Woods model, which uses the force of choice trees to 

foresee and decrease client stir proficiently. 

Prominently, client stir forecast isn't restricted to the media 

communications industry alone. It has tracked down 

applications in different areas, including banking, 

protection, and cell phone organizations. The capacity to 

precisely anticipate client beats is also critical in these 

enterprises, as it permits organizations to address issues and 

hold their important clients proactively. In recent years, 

there has been interest in using data analytics and machine 

learning algorithms for customer churn prediction in the 

communications industry. Researchers have explored 

various methods, including neural networks, decision trees, 

Bayesian networks, and genetic algorithms. However, there 

needs to be research in the literature on combining genetic 

algorithms and neural networks for customer churn 

prediction on social media. 

1.1. Abbreviations and Acronyms 

• Telcos: Telecommunications Companies 

• Lu et al.: Refers to a specific set of authors in a 

scholarly context (every day in academic writing). 

• Ullah et al.: Similar to the above, they refer to another 

set of authors in a scholarly context. 

• DNA: Decision Trees and Random Forests (in the 

context of churn prediction models) 

2. Literature Review 

Consumer communication refers to the phenomenon where 

consumers decide to switch mobile service providers [1]. 

Considering the intense competition in the 

telecommunications industry, predicting customer 

competition is essential for telecom operators to retain 

existing customers and improve overall business [2]. Many 

studies have been done to solve the challenge of using 

machine learning models for customer interaction [3]. Such 

studies use machine learning techniques to model two paths 

of customer behavior: abandonment (leaving the service) or 

non-abandonment. Light [4]. Predicting customer churn is 

similar to solving the binary classification problem, where 

customers are classified according to their likelihood of 

leaving or continuing to use the service [5]. 

Attrition generally falls into two categories: voluntary and 

involuntary. Voluntary churn refers to the customer's 

decision to change providers, while involuntary churn refers 

to events beyond the customer's control, such as relocation 

or service [6]. Many studies focus specifically on voluntary 

decision-making due to its direct impact on the financial 

importance of telecommunication companies. Machine 

learning models for customer prediction have been widely 

studied in many industries, including banking, insurance, 

Internet service providers, and especially business 

communications [7]. In the telecommunications industry, 

accurately predicting customer churn is crucial for telecom 

operators to develop retention strategies and reduce 

revenue. Various types of machine learning have been used 

for user interaction, including logistic regression, support 

vector machine, decision tree, and random forest model [8]. 

These models were chosen because they can work well on 

large data sets with many different concepts and allow for 

various customer-related characteristics and behaviors to be 

taken into the predictive model [9]. Additionally, recent 

advances in data analysis and machine learning algorithms 

have improved the accuracy and performance of radio churn 

prediction models [10]. 

These models utilize historical customer data such as call 

records, billing information, customer demographics, and 

service usage patterns to identify patterns and trends 

indicative of customer churn[11]. By employing machine 

learning algorithms such as Deep Learning, Logistic 

Regression, and Na√Øve Bayes, telco operators can analyze 

these patterns and accurately predict which customers are at 

a higher risk of churning [12]. 

The client, on the other hand, has applications past the 

interchange business. Different enterprises, for example, 

banking, protection, and betting, likewise benefit from 

shopper betting [13]. These organizations can utilize AI 

innovation to investigate client conduct and recognize 

potential client stirs, permitting them to utilize designated 

measurements to protect client esteem [13]. Utilizing AI 

models to agitate expectations is significant for advertising 

interchanges and different organizations. It permits 

organizations to figure out client conduct, foresee client 

beat, and foster methodologies to hold clients and lessen low 

income. [3] The writing survey shows that AI models for 

pre-client matching are broadly utilized across businesses, 

including advertising correspondences. This model has been 

demonstrated to function admirably in circumstances where 

media communications information is thick and sought 

after, giving more unsurprising outcomes. The prescient 

properties of these AI models can be extremely useful in 

creating techniques against buyer extortion [14]. 

Organizations can utilize these forecasts to make 

customized designs and give the right impetuses and worth 

to fabricate client commitment and maintenance [15]. 

Predictive models have great potential to help develop 

customer-centric businesses in the future [16]. They help 

meet customer needs and preferences, which is vital in 

improving the overall customer experience [17]. Businesses 

can reduce customer churn by improving customer 

experience and carefully measuring satisfaction, thus 

increasing revenue [18]. Although these models are widely 

used in many fields, continued machine learning and data 
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analysis advances should provide customers with more 

competitive forecasting capabilities. 

Social influence on consumer behavior gives us other 

benefits for gambling [20]. By analyzing customer 

interactions and understanding current competitor 

relationships, companies can adjust their forecast models 

and thus actually improve their forecasts [21]. This analysis 

can reveal consumer behavior patterns and provide insight 

into which factors play the most crucial role in consumer 

competition [2][22]. 

Jahromi et al. demonstrated the success of customer 

matching prediction in the B2B environment, demonstrating 

the effectiveness of this approach and its potential in 

different fields [23]. Identifying future crisis-prone 

customers allows businesses to take proactive measures to 

help maintain customer loyalty and retention [24]. Using 

machine learning models is similar to predicting customer 

churn in financial markets [3] [25]. Amid the rapid growth 

of mobile internet, banks have capitalized on the potential 

of machine learning to analyze massive customer log data, 

identifying temporal patterns and trends in customer 

behavior [25][18]. This helps banks forecast which 

customers are likely to churn potential to be applied in 

various industries. This, coupled with ongoing research and 

improvements in predicting churn, allows companies to 

employ even more precise and effective retention strategies 

[11][26]. 

The following findings demonstrate the benefits of using 

churn prediction models: Sending churn messages to 

prevent customers who are likely to churn can increase 

profitability [27][26]. This approach is financially savvy 

because the expense of holding a current client differs from 

that of securing another client. It likewise features the 

significance of creating precise stir forecast models [11] 

[28]. Indeed, even a slight expense improvement because of 

exact determining can expand an organization's productivity 

[7] [29]. 

These investigations provide solid groundwork for utilizing 

algorithmic techniques to foresee and tackle client stir issues 

[30]. As information science and AI keep on propelling, 

these methods offer a superior method for foreseeing client 

rivalry across various ventures, including interchanges, 

promoting tensions, and protection [3]. They make 

significant data that empowers organizations to connect 

with clients and lessen client contest [26] [31]. 

Likewise, in an industry with a high misfortune rate, for 

example, the betting business, the nature of client 

experience is vital [31]. The expectation model not only 

assists with assessing the likelihood of a client exit from the 

market but also assists with understanding the main drivers 

of client rivalry [31]. Subsequently, organizations can 

formulate techniques to recognize these issues, further 

developing client maintenance and business 

performance.[32]. 

3. Proposed Model 

In our quest for viable AI calculations for foreseeing client 

stirs, we will investigate a scope of strategies. These 

incorporate calculated relapse, choice trees, Backing Vector 

Machines, counterfeit brain organizations, and Bayesian 

classifiers. The complete flowchart of the proposed model 

is shown in Fig. 1. These strategies have demonstrated their 

adequacy regarding client beat expectations. 

Whenever we've prepared these models, the following stage 

is to survey their presentation utilizing different 

measurements, including exactness, accuracy, review, and 

the F1 score. This assessment cycle will empower us to 

think about the adequacy of every calculation and, at last, 

select the one that performs best. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Proposed model 

Besides, we will dive into the investigation of element 

significance. This involves inspecting what various 

elements mean for the exactness of our expectations. By 

evaluating the meaning of each element, we can decide if it 
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impacts foreseeing client stir. This examination is 

significant in assisting us with acquiring a more profound 

comprehension of the variables at play in our prescient 

model. This will help us with understanding the critical 

drivers of client stir and permit telcos to find proactive ways 

to hold clients. 

To help our prescient model, we fostered a product 

application that utilizes a numerical model given calculated 

relapse examination. The application will permit telephone 

organizations to take advantage of the arbitrariness of 

clients and foresee their probabilities. Organizations can 

utilize this product to pursue informed choices and dispense 

assets to increment consumer loyalty and lessen client beat. 

These exploration discoveries hold extraordinary 

commitment for cell phone organizations, offering them 

significant bits of knowledge for asset the executives and 

the execution of designated systems to improve the client 

experience. By working on our capacity to foresee client 

stirs, broadcast communications organizations (telcos) can 

settle on additional educated choices regarding asset 

assignment and vital preparation, at last prompting further 

developed client maintenance. 

An essential move toward our examination includes 

highlight choice. This cycle involves recognizing the factors 

that altogether impact stir forecast, consequently improving 

the precision and general execution of our model. This 

engages telcos to zero in on the main thing most to their 

clients. 

Moreover, we carefully examine various AI calculations to 

figure out which succeeds in foreseeing beat. This relative 

examination reveals insight into the qualities and 

shortcomings of every measure, empowering telcos to settle 

on informed conclusions about which one to integrate into 

their expectation models. 

Notwithstanding calculation determination, we devise a 

strategy to assess the viability of our proposed stir 

expectation model. This involves dividing the information 

into preparing and testing sets, with a resulting assessment 

of the model's exactness, accuracy, review, and F1 score. 

We additionally utilize cross-approval methods, for 

example, k-crease cross-approval, to reinforce the adequacy 

of our intuitive expectation model. This approach permits us 

to extensively survey the model's prescient abilities across 

various subsets of information, upgrading its heartiness. 

To upgrade the exactness and dependability of our stir 

expectation model, we dig into highlight designing. This 

includes changing and forming new highlights in light of 

existing information, utilizing space information, and 

aptitude to separate significant data that can reinforce our 

model's presentation. 

Our examination reaches out past only foreseeing client 

agitate; we try to grasp the hidden drivers of stir. We break 

down client correspondence information to recognize 

essential qualities that add to the client's steady loss. This 

cycle includes inside and out information research and 

factual investigation to divulge examples and connections 

among elements and client stir. 

Furthermore, we dig into the domain of AI's job in client stir 

expectations. Drawing from examining specialists like 

Mama, Xia, and Vafeiadis, we think about the presentation 

of different AI strategies in anticipating beats inside the 

correspondence business [12]. By integrating their 

discoveries and systems, we mean propelling our 

exploration and adjusting our practices to laid-out 

experiences. 

Whenever we've fostered a powerful prescient model and 

recognized the elements impacting client stir, we influence 

calculated relapse examination procedures to make a 

numerical model. This approach supports measuring and 

understanding the many factors of foreseeing client stir. 

Strategic relapse is a double circulation factual technique 

usually used to foresee whether somebody will separate. 

Our examination will include preparing a strategic relapse 

model utilizing the telephone client dataset, which involves 

the pertinent elements recognized through our investigation. 

With calculated relapse, we can foresee the likelihood of a 

client beating in light of different factors. This prescient 

capacity offers a significant comprehension of the possible 

results of client steady loss, empowering telcos to go to 

proactive lengths to hold these clients and relieve the 

gamble of stir. 

Even with the strategic relapse model, we intend to foster a 

product application that uses this model to help our 

exploration. This application will furnish telephone 

organizations with admittance to client information and deal 

forecasts regarding the probability of client stir. By using 

these prescient apparatuses, telcos can successfully focus on 

and tailor their maintenance techniques, guaranteeing that 

assets are apportioned in the most proficient and savvy way. 

Besides, our exploration reaches out past calculated relapse 

models. We will investigate other AI calculations, for 

example, choice tree surmising and support vector 

machines, which have been broadly utilized in shopper stir 

expectation inside the broadcast communications industry. 

By looking at the presentation of different calculations in 

our exploration, we mean to acquire a more profound 

comprehension of which measures are ideal for stirring 

expectations inside our particular setting. 

Also, we will tackle the force of outfit and half-and-half 

models in our exploration. These models join the qualities 

of different calculations to upgrade prescient exactness and 

power. By incorporating other AI procedures, including 

choice trees, fake brain organizations, and backing vector 
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machines, we can gain from their singular assets and make 

up for their shortcomings. This approach permits us to make 

a more extensive and prescient solid structure. The models 

utilized are:  

Random Forest Classifier: Outfit technique in light of 

choice trees. Reasonable for arranging errands. It Lessens 

overfitting and increments precision through stowing and 

element choice [33]. Gradient Boosting Classifier: 

Gathering strategy that forms choice trees consecutively. 

Likewise, it is utilized for grouping errands. Joins the results 

of different feeble students to make significant areas of 

strength for a model [34]. 

Linear Regression: Utilized for demonstrating straight 

connections between factors. Appropriate for relapse 

errands. It fits a straight line (hyperplane) to limit the 

number of squared blunders [35]. Polynomial Regression: 

Stretches out direct relapse to catch nonlinear connections. 

Reasonable for relapse assignments. It fits polynomial 

capabilities to the information, which can deal with 

additional complicated links [36]. Logistic Regression: 

Utilized for double arrangement assignments. Models the 

likelihood of a perception having a place with a particular 

class. It uses the strategic capability (Sigmoid) to plan input 

highlights to a likelihood range somewhere between 0 and 1 

[37].  

Support Vector Regression (SVR): Utilized for relapse 

errands, especially with non-straight connections. 

Distinguishes a hyperplane that best fits the information 

while limiting the safety buffer. Can be reached with various 

portion capabilities to deal with different information 

designs [38]. Artificial Neural Network (ANN): Flexible AI 

model enlivened by natural brain organizations. Appropriate 

for both relapse and order undertakings. It comprises layers 

of interconnected neurons that can catch mind-boggling and 

nonlinear connections in information [39].  

4. Result Analysis  

After reviewing the outcomes of the diverse studies 

mentioned earlier, it becomes evident that machine learning 

algorithms exhibit significant potential in forecasting 

customer churn within the telecommunications industry, 

mainly when employed on extensive datasets. One key 

revelation is that customer attrition is impacted by many 

factors, encompassing customer satisfaction, call quality, 

brand perception, and individual characteristics. These 

variables play a pivotal role in influencing whether a 

customer decides to terminate their subscription or switch to 

an alternative service provider. 

By considering these multifaceted elements, mobile 

operators gain a deeper insight into the underlying 

principles governing customer churn. This heightened 

understanding empowers them to formulate and implement 

effective strategies for customer retention. In essence, this 

research demonstrates how leveraging the power of data-

driven insights and machine learning can be a game-changer 

in the telecommunications sector, ultimately fostering 

improved customer relations and business sustainability. 

To enhance the precision of customer churn prediction 

models within the communications industry, researchers 

have explored a fascinating blend of customer and product 

mixes by employing genetic algorithms and neural 

networks. While past investigations have predominantly 

examined the effectiveness of genetic algorithms and neural 

networks separately, the fusion of both methods has 

remained relatively uncharted territory. It's important that 

this blend, especially in the domain of foreseeing client 

weakening in the broadcast communications industry, has 

yet to get far-reaching consideration. Despite the presence 

of individual examinations on the utilization of hereditary 

calculations and brain organizations, the synergistic 

capability of their joined application in gauging client 

agitate presently can't be completely saddled. Thus, it offers 

an intriguing and open door for additional examination and 

investigation to uncover this inventive methodology's 

expected benefits and viability. 

Past AI strategies in the field of client beat identification in 

the broadcast communications area have likewise dug into 

the domain of information mining techniques. Scientists 

have taken advantage of a different cluster of instruments, 

including factual procedures, design acknowledgment, 

artificial reasoning, and other calculations, to investigate 

and remove significant bits of knowledge from the immense 

and unpredictable datasets available to them. This thorough 

methodology, which goes past conventional AI, considers a 

more comprehensive assessment of variables impacting 

client whittling down, opening up new roads for 

understanding and further developing client maintenance 

procedures. 

A. Details about MAE, MSE, and R2 metrics: 

Mean Absolute Error (MAE): MAE is an essential and 

instinctive measurement for estimating the typical outright 

contrast between anticipated and natural qualities. It is 

determined as the mean of the outright differences between 

each expected worth (𝑦̂𝑖) and the comparing genuine price 

(𝑦𝑖):  

𝑀𝐴𝐸 =
1

𝑛
∑  

𝑛

𝑖=1

|𝑦𝑖 − 𝑦̂𝑖| 

𝑀𝐴𝐸 is communicated in similar units as the objective 

variable, making it simple to decipher. It gives a proportion 

of the typical extent of mistakes in the expectations. 𝑀𝐴𝐸 

provides an equivalent load for all blunders, implying it is 

less delicate to anomalies than MSE [40]. Mean Squared 
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Error (MSE):  𝑀𝑆𝐸 is a metric that computes the normal of 

the squared contrasts between anticipated and genuine 

qualities. It is determined as the mean of the squared 

differences between each expected worth (𝑦̂𝑖) and the 

related actual worth (𝑦𝑖):  

𝑀𝑆𝐸 =
1

𝑛
∑  

𝑛

𝑖=1

(𝑦𝑖 − 𝑦𝑖̂)
2 

Squaring the blunders in 𝑀𝑆𝐸 gives more weight to more 

significant mistakes, making it delicate to anomalies. 𝑀𝑆𝐸 

is communicated in squared units, which may not be as 

natural as 𝑀𝐴𝐸. It's regularly utilized when you must punish 

more enormous blunders than modest ones [40]. 

R-squared (R2): R2, otherwise called the coefficient of 

assurance, is a metric that determines the extent of the 

change in the reliant variable (the objective) that is made 

sense of by the free factors (the elements) in a relapse model. 

R2 values range from 0 to 1, with 1 showing an ideal fit and 

0 demonstrating that the model doesn't make sense of any 

changes in the information. R2 is R2 = 1 - (SSE/SST), where 

SSE is the number of squared mistakes (equivalent to in 

MSE), and SST is the absolute number of squares, which 

estimates the all-out change in the objective variable. An R2 

esteem near 1 shows a decent model fit, while values near 0 

recommend that the model doesn’t make sense of a 

significant part of the change in the information [41], as 

shown in Fig 2 and 3. 

 

Fig 2: Comparison of all metrics of all models 

 

Fig 3: Comparison of all models' MAE, MSE, and R2 metrics. 

B. Details about accuracy, precision, recall, and F1: 

Accuracy: Accuracy estimates the precision of optimistic 

forecasts made by the model. It centers around the extent of 

genuine positive expectations compared with all occasions 

anticipated as confident. It is determined as Accuracy = 

TP/(TP + FP). Accuracy is especially significant when 
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bogus up-sides are exorbitant or unfortunate. It lets you 

know how well the model performs when it predicts a 

positive result [42]. 

Precision: Precision for the most precise measurement is 

entirely possible and measures the general rightness of the 

model's forecasts. It is determined as the proportion of 

accurately anticipated examples to the absolute number of 

cases: Exactness = (TP + TN)/(TP + TN + FP + FN). TP 

(Genuine Up-sides) is the quantity of accurately anticipated 

positive examples, TN (Genuine Negatives) is the quantity 

of accurately predicted adverse occasions, FP (Misleading 

Up-sides) is the number of negative cases expected as 

inevitable, and FN (Bogus Negatives) are the number of 

positive occurrences anticipated as unfavorable. While 

precision gives an essential proportion of rightness, by and 

large, it may not be reasonable for imbalanced datasets, 

where one class overwhelms the other [43]. 

Recall (Sensitivity or True Positive Rate): Recall estimates 

the model's capacity to distinguish all significant cases 

inside the positive class. It centers around the extent of 

genuine optimistic forecasts compared with all actual 

occurrences. It is determined as Review = TP/(TP + FN). 

Review is significant when it is exorbitant or unfortunate to 

miss joyous occasions. It lets you know how well the model 

distinguishes genuine positive cases [44]. 

F1 Score: The F1 score is a symphonious means of accuracy 

and review, giving a reasonable proportion of a model's 

exhibition. It is determined as: F1 = 2 * (Accuracy * 

Review)/(Accuracy + Review). The F1 score adjusts 

accuracy and review, making it a helpful metric when you 

want a solitary worth to assess model execution. It is 

beneficial when there is a lopsided class conveyance [45], 

as shown in Fig 4.

Fig 4. Comparison of accuracy, precision, recall, and F1 comparison. 

5. Conclusion 

In summary, our extensive literature review underscores the 

substantial potential of machine learning techniques for 

predicting customer churn within the telecommunications 

industry. The research we've examined demonstrates the 

immense value of harnessing sophisticated algorithms, such 

as logistic regression, decision trees, neural networks, 

support vector machines, and ensemble methods, to analyze 

complex, multivariate customer datasets. These advanced 

models enable telecom companies to uncover subtle 

predictive patterns and trends that serve as early warning 

signs of customer churn. By employing machine learning to 

scrutinize various parameters, including usage behaviors, 

service perceptions, demographics, social connections, and 

service histories, telcos can attain a multifaceted 

understanding of the factors influencing churn. Moreover, 

techniques like deep learning and natural language 

processing allow for including unstructured data, such as 

customer communications, offering even more nuanced 

insights. The predictive capabilities of these machine 

learning models empower telecom companies to proactively 

identify potential churners, enabling them to direct their 

retention marketing efforts and incentives toward high-risk 

customers, ultimately enhancing customer lifetime value. 

Even slight improvements in retention, driven by accurate 

predictions, can translate into substantial profitability gains, 

underscoring the critical importance of maximizing 

predictive performance. While considerable research has 

been dedicated to individual algorithms like logistic 

regression, SVM, and neural networks, our review reveals 

that the combination of genetic algorithms and neural 

networks still needs to be explored in telecom churn 

prediction. This presents a unique opportunity for hybrid 

models to enhance prediction accuracy. Our proposal aims 

to tackle this challenge by rigorously comparing various 
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algorithms using real-world telecommunications data. 

Furthermore, incorporating big data analytics can 

significantly enhance the scalability and efficiency of using 

big data churn prediction models within the 

telecommunications sector. Our solution is rooted in 

existing data and seeks to push the boundaries of machine 

learning-based predictions. The insights generated are 

intended to offer practical advice and research-backed 

recommendations that telcos can implement to enhance their 

forecasting processes, ultimately leading to increased 

customer retention, enhanced customer lifetime value, and 

improved profitability in a fiercely competitive market. 
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