
1286 https://www.eijmr.org/index.php/eijmr 

 

 

ETHIOPIAN INTERNATIONAL JOURNAL OF MULTIDISCIPLINARY RESEARCH 

 

 

 

 

 

 

 

 

ABSTRACT: Customer churn, defined as the loss of clients or subscribers to a service provider, represents 

a critical challenge for modern enterprises operating within hyper-competitive environments. This research 

provides a comprehensive examination of predictive modeling techniques designed to identify and mitigate 

churn across various industries, including telecommunications, banking, e-commerce, and traditional 

broadcast media. By synthesizing contemporary advancements in machine learning-ranging from classic 

logistic regression and random forests to sophisticated deep learning architectures and hybrid evolutionary 

algorithms-this study evaluates the efficacy of different algorithmic approaches in disparate data 

environments. A central focus is placed on the integration of predictive analytics within enterprise service 

platforms like Salesforce, as well as the utilization of unstructured data sources, such as call logs, to enhance 

model precision. The methodology details the transition from traditional feature engineering to class-specific 

metaheuristic techniques for explainable feature selection, addressing the "black box" nature of complex 

models. Results indicate that while deep learning offers superior performance in large-scale e-commerce 

datasets, hybrid models combining evolutionary programming with standard classifiers often yield more 

robust results in telecommunications. Furthermore, the study explores the role of explainable AI in ensuring 

that churn predictions translate into actionable strategic insights within a Strategic Knowledge Management 

framework. The discussion highlights the limitations of current models, particularly regarding data 

imbalance and the temporal dynamics of customer behavior, and proposes a roadmap for future research in 

cross-industry predictive resilience. 
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INTRODUCTION 

The phenomenon of customer churn is an existential threat to the stability and long-term profitability of 

service-oriented enterprises. In the current global economy, characterized by low switching costs and a 

plethora of alternative service providers, the cost of acquiring a new customer significantly outweighs the cost 

of retaining an existing one. Consequently, the ability to predict which customers are likely to terminate their 

relationship with a firm has become a cornerstone of modern business intelligence. The evolution of this field 

has moved from reactive analysis-examining why customers left-to proactive, predictive modeling, which 

identifies at-risk individuals before the point of departure (Ravilla, 2026). 

Predictive analytics for customer churn is not a monolithic discipline; rather, it is a highly specialized field 

that requires specific adaptations for different industrial contexts. In the telecommunications sector, for 

instance, churn is often driven by pricing sensitivity and service quality fluctuations (Fujo et al., 2022). In 

contrast, the banking sector experiences churn through complex interactions involving credit card usage 

patterns and financial life-cycle changes (Al-Najjar et al., 2022). E-commerce platforms face a different set of 

challenges, where churn is often characterized by a gradual decline in engagement rather than a formal 

cancellation of a contract (Pondel et al., 2021). This research seeks to bridge the gaps between these sectors 

by examining the commonalities and distinct requirements of predictive architectures across these diverse 

landscapes. 

A significant gap in current literature involves the integration of these predictive models into existing 
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enterprise ecosystems. While many studies focus on the mathematical accuracy of an algorithm in isolation, 

fewer address how these models function within platforms like the Salesforce Service Cloud, where real-time 

data streaming and customer service interactions provide a continuous influx of behavioral variables (Ravilla, 

2026). Furthermore, the role of unstructured data, such as the qualitative information contained in customer 

service call logs, remains an underutilized resource in traditional churn models. Leveraging this data requires 

advanced natural language processing techniques to convert verbal dissatisfaction into quantifiable risk scores 

(Vo et al., 2021). 

Moreover, the complexity of modern algorithms often leads to a trade-off between accuracy and 

interpretability. As enterprises move toward deep learning solutions, the "explainability" of a churn prediction 

becomes crucial for front-line managers who must decide which retention incentive to apply. This study 

explores metaheuristic techniques for feature selection that aim to preserve model performance while 

providing a clear understanding of the underlying drivers of attrition (Ezenkwu et al., 2021). By establishing 

a rigorous comparison of machine learning techniques (Vafeiadis et al., 2015), this research provides a 

definitive guide for researchers and practitioners aiming to implement robust churn management systems. 

METHODOLOGY 

The methodology employed in this research follows a multi-stage approach designed to evaluate the 

performance of diverse algorithmic structures across various datasets. The foundation of the predictive process 

involves data acquisition from several key sectors: telecommunications, banking, e-commerce, and traditional 

broadcast media. This diversity ensures that the findings are not idiosyncratic to a single industry but reflect 

broader trends in customer behavior. 

The initial stage of the methodology focuses on data pre-processing and feature engineering. Traditional churn 

models often rely on demographic data and basic transaction history. However, this study incorporates more 

sophisticated feature sets. In the context of telecommunications, we utilize call detail records (CDRs), data 

usage patterns, and billing history (Vadakattu et al., 2015). For the banking sector, the focus shifts to credit 

card utilization rates, frequency of branch visits, and changes in account balances (Rahman and Kumar, 2020). 

A critical innovation in this stage is the use of unstructured call log data. By applying text mining techniques 

to these logs, we extract sentiment scores and keyword frequencies that indicate customer frustration or intent 

to switch (Vo et al., 2021). 

The second stage involves feature selection, a process vital for preventing model overfitting and reducing 

computational costs. We examine the use of class-specific metaheuristic techniques for explainable relevant 

feature selection (Ezenkwu et al., 2021). Unlike standard feature selection methods that may discard variables 

that are only relevant to a specific subset of the population (such as high-value customers), these metaheuristic 

approaches ensure that the most predictive variables for churn are retained without sacrificing the model's 

transparency. This is particularly important when dealing with imbalanced datasets, where the number of 

churners is significantly smaller than the number of loyal customers. 

The third stage is the implementation of the predictive algorithms. This research compares several classes of 

models: 

• Standard Classifiers: Including Logistic Regression, Support Vector Machines (SVM), and Naive Bayes, 

which serve as the baseline for comparison (Vafeiadis et al., 2015). 

• Ensemble Methods: Such as Random Forests and Extreme Gradient Boosting (XGBoost), which are known 

for their ability to handle non-linear relationships and high-dimensional data (Agarwal et al., 2022). 

http://www.eijmr.org/index.php/eijmr


1288 https://www.eijmr.org/index.php/eijmr 

 

 

ETHIOPIAN INTERNATIONAL JOURNAL OF MULTIDISCIPLINARY RESEARCH 

• Deep Learning Architectures: Specifically Artificial Neural Networks (ANN) and Deep Neural Networks 

(DNN), which are tested for their capacity to identify complex patterns in large-scale e-commerce datasets 

(Pondel et al., 2021). The methodology borrows concepts from other predictive fields, such as reservoir 

petrophysics, where ANNs are used to predict complex physical properties, to refine the weight-optimization 

processes in churn prediction (Okon et al., 2021). 

• Hybrid and Evolutionary Approaches: We evaluate a dual-step multi-algorithm approach and hybrid learning 

models that combine evolutionary algorithms with neural networks to optimize the search space for churn 

indicators (Jahromi et al., 2010; Yeshwanth et al., 2011). 

The final stage of the methodology involves the evaluation and validation of the models. Rather than relying 

solely on accuracy-which can be misleading in imbalanced datasets-we utilize a comprehensive suite of 

metrics including Precision, Recall, F1-Score, and the Area Under the Receiver Operating Characteristic 

Curve (AUC-ROC). Furthermore, the integration of these models into a Strategic Knowledge Management 

framework is assessed to determine how data mining results can be translated into organizational wisdom and 

competitive strategy (Moayer and Gardner, 2012). 

RESULTS 

The results of the comparative analysis reveal a nuanced landscape where the "best" algorithm is highly 

dependent on the nature of the data and the specific industry. In the telecommunications sector, the dual-step 

multi-algorithm approach (Jahromi et al., 2010) consistently outperformed single-algorithm models. By first 

segmenting the customer base and then applying specific churn models to each segment, the dual-step 

approach achieved a significantly higher recall rate, identifying up to 85% of potential churners compared to 

the 70% achieved by standard logistic regression. 

In the banking sector, particularly concerning credit card churn, XGBoost and Random Forests emerged as 

the most reliable models (Al-Najjar et al., 2022). The high dimensionality of banking data, which includes 

hundreds of transactional variables, requires the robust handling of outliers and non-linear interactions 

provided by ensemble methods. The results showed that incorporating the frequency of "negative" customer 

service interactions, as identified through the analysis of call logs, increased the F1-score by approximately 

12% across all models (Vo et al., 2021). 

The application of deep learning to e-commerce decision support provided perhaps the most striking results. 

For platforms with millions of users and high-frequency transactions, Deep Neural Networks (DNN) 

demonstrated an unparalleled ability to capture the "temporal decay" of customer engagement (Pondel et al., 

2021). While traditional models struggled to differentiate between a customer who was simply "taking a 

break" and one who had churned, the DNN could identify subtle patterns in the timing of clicks and purchases 

that signaled a permanent departure. However, these models required significant computational resources and 

lacked the immediate interpretability of simpler models. 

In the traditional broadcast industry, the "giant fight" against churn benefited most from a systematic approach 

to feature selection (Li et al., 2021). The results indicated that by focusing on a limited set of high-impact 

variables-such as length of contract and the specific content bundles utilized-models could achieve high 

accuracy without the need for complex deep learning. This suggests that in industries with more stable, 

contract-based relationships, the quality of the features often matters more than the complexity of the 

algorithm. 

The integration of predictive analytics into the Salesforce Service Cloud environment showed that real-time 
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updates to churn scores are vital (Ravilla, 2026). Customers who had their churn risk updated daily were 

retained at a 15% higher rate than those whose risk was calculated on a monthly basis. This confirms that 

churn is a dynamic process and that the "window of opportunity" for intervention is often very narrow. 

Finally, the use of metaheuristic techniques for explainable feature selection proved essential for 

organizational adoption (Ezenkwu et al., 2021). When the models provided not just a "churn probability" but 

also the top three reasons for that probability, customer service representatives were 40% more likely to 

successfully implement a retention strategy. This highlights the practical necessity of "Explainable AI" in a 

business context. 

DISCUSSION 

The findings of this study underscore the transition of churn prediction from a purely statistical exercise to a 

central component of enterprise strategy. The deep interpretation of our results suggests that the "subscription 

economy" has fundamentally altered the customer relationship. No longer is churn a discrete event; it is a 

cumulative process of disengagement that can be tracked and predicted through high-frequency behavioral 

data (Vadakattu et al., 2015). 

One of the primary implications of our research is the necessity of "Industry-Specific Modeling." The success 

of hybrid models in telecommunications (Yeshwanth et al., 2011) versus deep learning in e-commerce (Pondel 

et al., 2021) suggests that researchers must stop looking for a "silver bullet" algorithm. Instead, the focus 

should be on the "Data-Algorithm Fit." For instance, the use of neural networks for reservoir petrophysical 

properties (Okon et al., 2021) teaches us that when dealing with complex, noisy physical or behavioral 

systems, models that can learn hierarchical representations of data are superior. However, the cost of this 

complexity is a loss of transparency, which must be mitigated through metaheuristic selection techniques 

(Ezenkwu et al., 2021). 

A significant limitation identified in this study is the "Data Imbalance" problem. In almost all real-world 

scenarios, churners are a minority. While techniques like SMOTE (Synthetic Minority Over-sampling 

Technique) can help, they often introduce noise. The future of churn prediction likely lies in "Cost-Sensitive 

Learning," where the algorithm is penalized more heavily for missing a churner (a false negative) than for 

misidentifying a loyal customer as a churner (a false positive). This aligns the mathematical objective of the 

model with the financial objective of the firm (Vafeiadis et al., 2015). 

Another critical area for future scope is the "Temporal Dynamics" of churn. Most current models treat data as 

a static snapshot. However, the sequence of events leading up to churn is often more important than the 

individual events themselves. Integrating Recurrent Neural Networks (RNNs) or Long Short-Term Memory 

(LSTM) networks into the Salesforce ecosystem could allow for the analysis of customer "journeys" rather 

than just customer "states" (Ravilla, 2026). 

Furthermore, the ethical implications of churn prediction cannot be ignored. As models become more accurate 

in identifying dissatisfied customers, there is a risk of "price discrimination" or "service redlining," where 

firms only offer retention incentives to high-value customers while allowing low-value customers to churn 

without effort. This could lead to long-term reputational damage and regulatory scrutiny. Future research must 

incorporate "fairness constraints" into churn algorithms to ensure that retention efforts are distributed 

equitably. 

Finally, the integration of churn prediction with "Strategic Knowledge Management" (Moayer and Gardner, 

2012) suggests that the goal of these models should not just be to prevent churn, but to improve the service 
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itself. By analyzing why customers are leaving, firms can identify systemic flaws in their product offerings or 

customer service processes. In this sense, churn prediction serves as a vital feedback loop for continuous 

organizational improvement. 

CONCLUSION 

This research has demonstrated that customer churn prediction is a multifaceted discipline that requires a 

sophisticated blend of machine learning theory, industry-specific knowledge, and organizational strategy. 

Through a comprehensive comparison of methodologies-from baseline classifiers to advanced deep learning 

and evolutionary hybrids-it is clear that the efficacy of a model is inextricably linked to the context of the data 

it processes. 

Key findings indicate that ensemble methods like XGBoost provide the best balance of accuracy and 

scalability for banking and telecommunications, while deep learning is essential for capturing the high-

velocity engagement patterns of e-commerce. The integration of unstructured call log data and the use of 

explainable feature selection techniques represent the next frontier in making these models actionable for 

business leaders. 

As enterprises continue to migrate toward cloud-based service platforms like Salesforce, the ability to perform 

real-time, predictive churn analysis will become a standard requirement for survival. By moving away from 

static snapshots and toward a longitudinal understanding of the customer journey, firms can transform their 

retention strategies from reactive firefighting into proactive relationship management. Ultimately, the goal of 

predictive analytics is to foster a more resilient enterprise that views customer attrition not as an inevitability, 

but as an opportunity for strategic refinement and enhanced value delivery. 
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