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Abstract - Customer churn creates significant financial 
challenges for telecommunications companies because 
retaining existing customers is generally less costly than 
acquiring new ones. Although machine-learning models 
can predict churn, imbalanced data and limited 
interpretability often reduce their practical value. This 
study presents an Explainable AI (XAI) and prescriptive 
modelling framework using the IBM Telco Customer Churn 
dataset (N=7,043). Cost-sensitive Random Forest 
classification and a 0.40 probability threshold are used to 
improve churn detection, while SHAP explains the main 
contributing factors. Results on 1,409 test records achieve 
65.50% churn recall. Tenure, month-to-month contracts, 
fiber-optic service, and monthly charges are important 
churn indicators. The framework also groups customers 
into Low, Medium, and High risk, identifying 413 
customers for targeted retention: 220 High-risk and 193 
Medium-risk customers. 
 

INTRODUCTION  
 
Artificial intelligence is increasingly used for practical 
business decisions, including customer churn prediction 
in telecommunications. Accuracy alone can be 
misleading when most customers do not churn, while 
business teams also need to understand why a customer 
is predicted to leave. This study addresses these issues 
by combining tree-based ensemble modelling, class-
sensitive evaluation, SHAP explanations, and risk-based 
retention recommendations. 
 

LITERATURE REVIEW  
 
Oladapo et al. (2025) reviewed Explainable AI methods, 
including LIME, SHAP, counterfactual explanations, and 
model-agnostic techniques. Their review describes XAI 
use in critical areas such as cybersecurity, finance, 
manufacturing, and autonomous vehicles. It highlights 
the trade-off between model accuracy and explainability 
and recommends context- and user-focused explanations 
to support trustworthy decisions. 
Ortigossa et al. (2024) reviewed XAI foundations, 
explanation techniques, challenges, and practical 
machine-learning applications. Their discussion notes 
the growing use of XAI across several sectors and the 
continuing difficulty of balancing interpretability with 
predictive performance. The authors emphasize reliable, 
context-aware explanations for trustworthy decisions. 

Kalasampath et al. (2025) examined XAI applications 
across multiple domains. The review identifies trust, 
public acceptance, and regulatory requirements as 
important barriers, particularly where AI decisions affect 
people directly. It concludes that transparent 
explanations are needed to make AI systems easier to 
understand and trust. 
 
Atakishiyev et al. (2023) surveyed XAI methods and 
future research for autonomous driving. Although AI 
supports real-time decisions in self-driving vehicles, its 
reasoning can remain unclear to users. The study 
highlights the need for transparent methods that 
improve understanding of vehicle decisions and address 
current limitations. 
 
Bommer et al. (2024) proposed a quantitative 
framework for comparing local post-hoc XAI methods in 
climate science. They assessed feature-attribution 
methods using neural-network models and found that 
performance varied by explanation technique and 
architecture. The study recommends objective numerical 
evaluation rather than relying only on subjective 
judgement. 

 
RESEARCH GAP  
 
Despite extensive research on telecommunications 
churn, important gaps remain. Accuracy can conceal 
poor identification of churners in imbalanced datasets, 
so recall and cost-sensitive learning are important. In 
addition, churn predictions need clearer explanations 
and practical retention actions. 
 
Existing churn studies often identify influential features 
without clearly explaining how those features affect 
individual predictions. SHAP can provide both overall 
feature importance and customer-level explanations, 
helping managers understand why a customer is 
considered at risk. 
 
Many studies stop at predicting churn instead of 
translating probabilities into practical retention 
measures. A prescriptive framework can classify 
customers by risk and guide suitable actions, such as 
targeted discounts, contract offers, or customer support. 
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OBJECTIVES OF RESEARCH  
 

1) To develop a tree-based ensemble model for the 
initial identification of customers at risk of 
churn. 

2) To improve churn detection by utilizing class-
weighted learning and recall-focused model 
optimization to identify a bigger proportion of 
potential churners. 

3) To apply SHAP-based Explainable AI to identify 
and interpret the fundamental aspects affecting 
customer churn at both overall and individual 
customer levels. 

4) To categorize customers into Low, Medium, and 
High churn-risk types established on their 
predicted probability of exiting. 

5) To develop a prescriptive retention framework 
that converts churn predictions and their 
fundamental reasons into targeted, cost-
effective retention actions similar as discounts, 
offers, or customer support. 

 

Hypothesis  
 
H₀: Customer tenure and another service-related aspects 
do not play a substantial role in determining customer 
churn. 
 
H₁: Customer tenure has a role in customer churn, in 
that customers who have a shorter tenure have a greater 
probability of churning, and alternative aspects similar 
as total charges, contract type, internet service and 
monthly charges are furthermore aspects contributing to 
churn. 

 
RESEARCH METHODOLOGY 
 
1. Research Design 
 
This quantitative, experimental study follows a 
deductive approach. It tests cost-sensitive learning, 
model evaluation, explainability, and risk-based 
customer segmentation using recorded 
telecommunications data. 
 
1.1 Research Strategy & Methodological Choice 

 
 Methodological Choice: Mono-method 

quantitative study established on empirical 
subordinate data. 

 Research Type: Experimental and evidence-
based study. 

 Time Horizon: Cross-section, studying one 
snapshot of recorded telecommunications data 
of customers. 

 
 

1.2 Population, Sampling, & Data Source 
 
 Data Source: Secondary telecommunications 

data set (N=7043). 
 Stratified sampling is used for an 80/20 train-

test split (5,634 training records and 1,409 test 
records), maintaining similar class distributions 
in both sets. 

 
1.3 Operationalization of Variables & Preprocessing 

 
 The dependent variable is customer churn 

status, represented as a binary target: churned 
or not churned. 

 Predictors include customer demographics, 
subscribed services, contract and payment 
details, tenure, monthly charges, and total 
charges. 

 Independent variables include continuous 
features such as Tenure Months, Monthly 
Charges, and Total Charges, alongside 
categorical features such as Contract Type, 
Internet Service, Payment Method, Online 
Security, and Tech Support. 

 To reduce data leakage, columns containing 
information unavailable at prediction time, 
including Churn Reason, Churn Score, and CLTV, 
were removed. CustomerID was also excluded 
as an identifier. 

 
1.4 Computational & Analytical Procedures 

 
1. Algorithmic Model Training: Development of 

tree-based community classifiers (Random 
Forest, XGBoost). Cost-sensitive learning 
(class_weight=‘balanced’) is merged into the 
loss function in order to punish false-negative 
errors in minority-class. 

2. Decision Boundary Calibration: Empirical 
tuning of the threshold (0.40 of probability) in 
order to give priority to Recall over standard 
threshold values (0.50). 

3. Model Transparency Framework (XAI ): 
Introduction of the Game–Theoretic SHapley 
Additive clarifications (structure) to 
approximate localized Shapley values (ϕ) for 
analysis of directionality and assessment of 
significance of features. 

4. Prescriptive Analytics System: Mapping of 
expected and foreseen posterior probabilities 
P(Y=1|X) into distinct levels of working risk via 
the application of a rule-based algorithm 
through risk tiers. 
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2.1 Data Preprocessing  
 
The IBM Telco Customer Churn dataset was prepared by 
encoding categorical features and converting financial 
fields, including Total Charges and Monthly Charges, into 
numeric values. Leakage-related columns were removed 
before model training. 
 
2.2 Addressing Class Imbalance  
 
Initial models achieved reasonable accuracy but missed 
many churners, with the first Random Forest model 
recording 52.25% churn recall. Class weights were 
therefore set to 'balanced' to give greater importance to 
the minority churn class. 
 
2.3 Model Training and Evaluation 
 
The data were split 80/20, and Random Forest and 
XGBoost were selected for their ability to model non-
linear relationships. Evaluation emphasized churn-class 
metrics rather than potentially misleading overall 
averages. The classification threshold was tuned to 0.40 
to improve recall. 
 
2.4 Working 
 

 
 

3. EXPLAINABLE AI (XAI) INTEGRATION  
 
The framework uses SHAP (SHapley Additive 
Explanations) to show how individual features 
contribute to churn predictions. SHAP summaries help 
identify important customer and service factors, support 
risk classification, and guide targeted retention actions. 
 
Data Analysis  
 

 
 
Data Interpretation 
 

 Features on the y-axis are ordered by 
importance. Tenure Months is the strongest 
predictor in this model. 

 SHAP values on the x-axis show each feature's 
effect on the prediction: positive values push the 
result toward churn, while negative values push 
it toward staying. 

 Colour represents feature values: red indicates 
high values (or Yes/1), while blue indicates low 
values (or No/0). The SHAP summary shows 
non-linear relationships between customer 
attributes and churn. Short tenure increases 
churn risk, while longer tenure is associated 
with retention. Two-year contracts strongly 
reduce risk. Fiber-optic service and high 
monthly charges are associated with greater 
churn risk; dependents and several support-
related services are associated with lower risk. 
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Statistical Hypothesis Testing  
 

 
 

 
 

 
 

 
 

Interpretation 
 
A regression-based statistical test examined the 
relationship between tenure and churn.  
 
The p-value for Tenure Months was 2.968 × 10⁻²¹, below 
the 0.05 significance level. Therefore, the null hypothesis 
was rejected and the alternative hypothesis supported: 
customers with shorter tenure are more likely to churn. 
Random Forest was used for prediction, while SHAP 
explained the effects of individual features. 
 
Major Findings  
 

 Tenure Months: Low tenure is associated with 
positive SHAP values and higher predicted 
churn risk, while longer tenure generally 
reduces risk. 

 Total Charges: Lower total charges are 
generally associated with higher churn risk, 
while higher total charges tend to be associated 
with lower risk. 

 Internet Service—Fiber optic: Fiber-optic 
service is associated with increased predicted 
churn risk in the model. 

 Contract—Two year: A two-year contract is 
associated with lower predicted churn risk. 

 Dependents—Yes: Having dependents 
generally contributes to a lower predicted churn 
probability. 

 Monthly Charges: Higher monthly charges are 
associated with increased predicted churn risk. 

 Payment Method—Electronic check: 
Electronic-check payment is associated with 
higher predicted churn risk. 

 Contract—One year: A one-year contract is 
associated with lower churn risk than the 
baseline contract category. 

 Online Security—Yes: Having online security 
generally reduces predicted churn risk. 

 Paperless Billing—Yes: Paperless billing is 
associated with increased predicted churn risk. 

 Tech Support—Yes: Having tech support 
generally reduces churn risk, though its effect is 
smaller than tenure, fiber-optic service, and 
contract type. 

 Multiple Lines—Yes: This feature has a 
relatively small and mixed contribution to churn 
predictions. 

 Online Security—No internet service: This 
category is associated with a lower predicted 
churn risk in the model. 

 Device Protection—No internet service: This 
feature has little influence on the model's churn 
predictions. 

 Streaming TV—Yes: This feature has a small 
contribution toward increased churn risk. 

 Gender—Male: Gender has little influence on 
churn predictions in this model. 

 Tech Support—No internet service: This 
category has little influence on predicted churn 
risk. 

 Partner—Yes: Having a partner has a modest, 
mixed influence on churn predictions. 

 Online Backup—Yes: Having online backup is 
generally associated with a lower predicted 
churn risk. 

 Senior Citizen—Yes: This feature has a limited 
effect, with SHAP values mostly near zero. 

 

4. RESULTS & DISCUSSION 
 
4.1 Predictive Performance 
 
Using balanced class weights and a 0.40 decision 
threshold improved the model's ability to identify 
churners. On the test set, the model achieved 79.49% 
accuracy and 65.50% churn recall, correctly identifying 
262 actual churners. 
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4.2 Prescriptive Analytics & Risk Tier Distribution  
 
The model's predicted probabilities were converted into 
three practical risk groups for the 1,409 test customers. 
A total of 996 customers (70.7%) were classified as Low 
Risk, 193 (13.7%) as Medium Risk, and 220 (15.6%) as 
High Risk. This segmentation helps focus retention 
spending on the 413 customers most likely to leave. 
 

 Probability ≥ 0.60: High Risk (Immediate 
Intervention)  

 Probability ≥ 0.40: Medium Risk (Targeted 
Discount)  

 Probability < 0.40: Low Risk (Safe)  
 
The model identified 413 at-risk customers: 220 High 
Risk and 193 Medium Risk. Targeted outreach and 
suitable incentives for these groups can make retention 
efforts more efficient. 
 

 
 
Key Data Breakdown 

 
● Low Risk (Safe) — 996 Customers (70.7%) 

 
o Criteria: Churn probability      . 
o Business Action: Do nothing. These 

customers are stable. Leaving them alone 
avoids unnecessary discount spending or 
unwanted spam. 
  

● Medium Risk (Targeted Discount) — 193 
Customers (13.7%) 
 
o Criteria: Churn probability between      and 

    . 
o Business Action: Nudge with minor perks. 

These customers are on the fence. Re-engaging 
them with small incentives (e.g., a modest bill 
discount or contract extension deal) can 
convert them back into loyal accounts.  

 
● High Risk (Immediate Intervention) — 220 

Customers (15.6%) 
 

o Criteria: Churn probability      . 

o Business Action: Priority outreach. These 
customers are actively heading out the door. 
The customer success or marketing team must 
intervene immediately with aggressive 
retention strategies (e.g., direct calls, 
substantial contract upgrades).  
 

RECOMMENDATION 
 
1. Focused Retention Budget: Rather than spending 

funds on marketing to all 1,409 members of the 
cohort, an organization aims the budget at simply 
413 at-risk customers (Medium +High Risk). 

2. Tiered Resource Allocation: Organizations should 
provide expensive retention provides solely to the 
220 High Risk customers and low cost rewards to 
the 193 Medium Risk ones. 

3. Early Customer Intervention: The model enables 
businesses to identify customers probable to leave 
before it occurs, therefore permitting initiative-
taking retention measures instead than reactive 
ones. 

4. Personalized Retention Strategies: Thanks to shape 
clarifications, firms learn what influences the 
predictions for each separate churn case. Therefore, 
interventions can be customized to customer-
specific risk aspects as opposed to implementing the 
matching strategies to each and every customer. 

5. Reduction of Unnecessary Incentives: While low-risk 
clients can be tracked, it does not mean that they 
need to be supplied with expensive retention offers. 
This helps minimize superfluous marketing costs, 
avoiding incentivization of customers whose 
predicted churn probability is relatively low. 

 

5. FUTURE SCOPE 
 
Future work could use longitudinal customer data to 
capture changing behaviour and identify churn earlier. 
Risk thresholds could be adjusted using retention costs 
and customer lifetime value. Further evaluation could 
compare XGBoost, AdaBoost, LightGBM, and CatBoost, 
combine SHAP with counterfactual explanations, and test 
the framework on other telecom datasets. A web 
dashboard could also support practical use and 
monitoring. 
 

6. LIMITATIONS 
 
Static cross-sectional dataset: The IBM Telco dataset 
represents one time period and cannot fully capture 
changing customer behaviour, time-based interactions, 
or economic changes. 
 
Heuristic risk thresholds: The fixed 0.40 and 0.60 
thresholds do not dynamically account for retention 
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costs, customer lifetime value, or campaign-specific 
budgets. 
 

7. CONCLUSION 
 
This study presents an end-to-end churn analysis 
pipeline that prioritizes recall for the minority churn 
class, explains predictions with SHAP, and converts 
probabilities into actionable risk tiers. The model 
achieved 65.50% churn recall and identified 413 at-risk 
customers for targeted retention. Future work should 
validate the approach on changing and diverse datasets 
and support deployment through an interactive 
dashboard. 
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