- \» Power System Technology

Y I1SSN:1000-3673

Received: 16-09-2025 Revised: 05-10-2025 Accepted: 18-11-2025

Leveraging Advanced Artificial Intelligence and Machine
Learning Techniques for Next-Generation Customer Churn
Management
Jawwad Khan'

"Marketing Expert at Saudi Telecom Mobility Retention Sector, Kingdom of Saudi Arabia.
Correspondence Details:

Email: mrjawwad@hotmail.com

ABSTRACT

Background: Customer churn represents a critical business challenge in the modern digital
economy, particularly within competitive markets such as Pakistan’s telecommunications,
banking, and e-commerce sectors. Traditional churn management strategies relying on
heuristic or rule-based systems have proven inadequate in capturing the complex, nonlinear
behavioral dynamics of customers. Recent advancements in Artificial Intelligence (Al) and
Machine Learning (ML) present transformative potential for developing predictive and
prescriptive models that can enhance customer retention strategies.

Aims and Objectives: The primary aim of this research was to design, implement, and evaluate
a KPI-driven AI/ML framework for customer churn prediction within Pakistan’s telecom
sector. The specific objectives were to develop a predictive model capable of identifying high-
risk customers with high precision and to integrate organizational KPIs such as Customer
Lifetime Value (CLV), Average Revenue per User (ARPU), and Net Promoter Score (NPS)
into the predictive system also to validate the framework’s effectiveness through pre- and post-
implementation analysis using real-time organizational data.

Methodology: A cross-sectional data analytics design was adopted, utilizing a dataset of 20000
anonymized customer records obtained from three Pakistan’s telecommunication between
March 2024 to August 2025, encompassing customer demographics, transaction records,
service usage, and complaint histories. AI/ML models including XGBoost, Random Forest,
and Deep Neural Networks (DNNs) were developed and trained using stratified sampling.
Performance evaluation was based on Accuracy, F1-Score, and AUC metrics, with KPI
integration ensuring interpretability. Comparative analysis between pre-implementation

(baseline) and post-implementation (after framework deployment) datasets validated the
framework’s efficacy.

Results and Findings: The NGCMF achieved a 92.8% prediction accuracy and an AUC of
0.91, outperforming conventional statistical models. Post-implementation analysis revealed a
49.1% reduction in customer churn rate (from 22.8% to 11.6%), a 32.3% improvement in C
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and a 65.8% increase in NPS. The feature importance analysis identified recharge gaps, call
drop rate, and complaint frequency as the most significant churn predictors, while the KPI radar
chart confirmed substantial post-implementation performance expansion.

Conclusion: The results demonstrate that integrating AI/ML with KPI-driven governance
systems transforms churn management from a reactive function into a proactive, intelligence-
led strategy. The proposed framework offers a scalable, context-aware model for telecom
operators in emerging economies, enabling real-time predictive control, improved retention
efficiency, and enhanced organizational profitability.

Keywords: Artificial Intelligence (Al); Machine Learning (ML); Customer Churn Prediction;
Deep Learning; Explainable Al (XAI); Ensemble Modeling; Predictive Analytics.

INTRODUCTION

In the modern digital economy, customer retention has emerged as a strategic cornerstone for
sustainable business performance. Across sectors such as telecommunications, banking, e-
commerce, and subscription-based services, the phenomenon of customer churn defined as the
discontinuation or defection of customers to competitors poses a significant threat to
profitability, market share, and brand loyalty [1]. The challenge is accentuated by the
increasing competitiveness of markets, rising customer expectations, and the proliferation of
digital channels that have made switching between service providers almost frictionless [2].
According to recent market analytics, acquiring a new customer costs five to seven times more
than retaining an existing one, making churn management an economic necessity rather than
an operational option. In this context, organizations are increasingly investing in data-driven
strategies to anticipate, predict, and mitigate customer attrition before it occurs [3]. Customer
churn management relied heavily on rule-based systems and classical statistical approaches
such as logistic regression and decision trees. These models provided an initial understanding
of customer defection tendencies but suffered from fundamental limitations [1]. They often
assumed linear relationships between variables, lacked scalability to handle high-volume, high-
velocity, and high-variety data, and were sensitive to data imbalance where churners
represented only a small fraction of the customer base. Moreover, such models were static in
nature, unable to adapt to evolving customer behaviour, market disruptions, or the influence of
external variables such as social media sentiment and real-time service quality. As a result,
traditional systems frequently underperformed in environments characterized by rapid
technological innovation, dynamic customer preferences, and complex behavioural
interactions [4].

The last decade has witnessed a paradigm shift from descriptive and predictive analytics to
prescriptive and cognitive analytics, driven largely by advances in artificial intelligence (AI)
and machine learning (ML) [5]. These technologies have transformed customer chu
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prediction from a retrospective, rule-based process into an intelligent, self-learning system
capable of identifying subtle behavioural cues, complex non-linear relationships, and high-
dimensional patterns within large, heterogeneous datasets [6]. Al and ML models such as
Random Forest, XGBoost, CatBoost, and deep neural networks (DNNs) have demonstrated
remarkable capabilities in handling big data, recognizing temporal dependencies, and
continuously improving predictive accuracy through feedback mechanisms. The integration of
natural language processing (NLP), sentiment analysis, and network analytics has further
enhanced the ability of Al systems to assess customer emotions, opinions, and influence
dynamics within social ecosystems dimensions that were previously inaccessible through
traditional statistical modeling [7]. Also the proliferation of Al-based research in churn
prediction, a significant gap persists between theoretical advancement and practical
implementation. Much of the existing literature emphasizes algorithmic performance
comparing accuracies, F1-scores, or AUC values without developing holistic frameworks that
integrate data ingestion, feature engineering, interpretability, and actionable decision support
into a unified operational model. Moreover, few studies empirically validate these Al
frameworks through controlled, real-world experiments or longitudinal sampling methods.
Consequently, organizations lack validated benchmarks to quantify the actual business value
of implementing Al-driven churn management systems beyond algorithmic efficiency [8].
There is therefore a critical need for a structured, empirically tested, and KPI-oriented AI/ML
framework that bridges this gap between predictive insight and operational impact. The
emerging discipline of intelligent churn management advocates for end-to-end systems that are
not merely predictive but prescriptive and adaptive continuously learning from real-time
customer feedback, campaign responses, and environmental fluctuations. Such systems must
operate across multiple functional layers, beginning with robust data ingestion from diverse
sources (CRM databases, call-centre logs, social media, billing records) and progressing
through feature engineering, model training, interpretability analysis, and automated retention
strategies [9]. Equally important is the inclusion of key performance indicators (KPIs) at each
layer of the framework, ensuring that technical performance (e.g., model accuracy, AUC)
aligns with strategic business metrics such as retention uplift, churn reduction percentage, and
cost per saved customer. The design of Al frameworks around KPI-driven layers facilitates
both accountability and continuous improvement, enabling management to assess the tangible
impact of technology interventions on organizational performance. In the Pakistani
telecommunications sector representing one of the fastest-growing yet most competitive
service industries in South Asia the challenge of churn management is particularly acute [10].
With multiple service providers offering near-identical pricing and service structures, customer

loyalty is fragile, and defection rates are high. Despite substantial investment in customer
relationship management (CRM) systems, most enterprises continue to rely on heuristic or
semi-automated decision support tools with limited analytical depth. Also regional studies ha
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shown that data utilization practices are often fragmented, with silos between marketing,
operations, and customer service departments, hindering the creation of an integrated analytical
ecosystem [2]. This scenario underscores the pressing need for a data-driven, Al-enabled churn
management framework that is empirically validated in a real-world setting.

To address these challenges, the present study introduces AIM-CHURN, a modular, KPI-
based, five-layer AI/ML framework specifically designed for next-generation customer churn
management. Unlike conventional single-model approaches, AIM-CHURN conceptualizes
churn management as a dynamic, feedback-driven system consisting of five interconnected
layers: (1) Data Ingestion, (2) Feature Engineering, (3) AI/ML Core, (4) Decision Intelligence,
and (5) Action and Feedback [11]. Each layer operates under defined KPIs to ensure that data
quality, model performance, interpretability, and business outcomes are continually monitored
and optimized. The framework is tested empirically using a two-phase sampling design a novel
validation approach in this domain where the first sample represents the pre-implementation
phase (traditional model baseline), and the second represents the post-implementation phase
(AI/ML-enabled framework). This dual-sampling method allows direct, quantitative
measurement of performance improvement and operational impact, providing robust evidence
for the framework’s effectiveness [12].

The objectives of this study are threefold. First, to develop a comprehensive, KPI-aligned
AI/ML framework that integrates technical, interpretive, and business perspectives of churn
management. Second, to empirically evaluate the framework’s effectiveness using comparative
sampling before and after implementation, assessing both technical indicators (AUC, precision,
recall) and strategic business KPIs (retention uplift, churn reduction, cost per saved customer).
Third, to contribute to the academic and industrial discourse by offering a validated operational
model that bridges the research—practice divide in Al-based customer analytics. By leveraging
advanced artificial intelligence and machine learning algorithms in combination with
explainable Al (XAI) tools and real-time feedback loops, this research aims to redefine the
paradigms of customer churn management. It demonstrates how Al can move beyond
prediction to actionable decision support, allowing firms to proactively intervene in the
customer lifecycle and thereby transform churn prevention into a predictive, adaptive, and self-
optimizing process. Ultimately, the study’s findings are expected to have far-reaching
implications for business analytics, data-driven marketing, and the future of customer
relationship management in emerging markets and beyond.

LITERATURE SUPPORT

Customer churn management has emerged as a critical area of study within data-driven
business intelligence, particularly with the proliferation of large-scale customer datasets and
the integration of artificial intelligence (AI) and machine learning (ML) for predictive
analytics. Traditional churn management models primarily relied on descriptive analytics
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heuristic approaches, which were often insufficient to capture complex nonlinear relationships
inherent in customer behavior patterns [13]. The advancement of Al and ML has thus
transformed churn prediction from a retrospective analytical task to a proactive and prescriptive
business function, enabling real-time decision support and dynamic risk profiling [14, 15].
Early research on churn prediction focused on logistic regression, survival analysis, and
decision trees, which offered interpretability but limited predictive power in the face of high-
dimensional data [16]. With the evolution of deep learning and ensemble methods, more
sophisticated algorithms such as Random Forests, Gradient Boosting Machines (GBMs), and
Support Vector Machines (SVMs) began outperforming traditional models in terms of
accuracy, recall, and precision [17]. These approaches leveraged nonlinear feature interactions
and adaptive weighting mechanisms to identify high-risk customers before churn occurred.
Studies have shown that hybrid Al frameworks combining unsupervised learning for customer
segmentation and supervised learning for churn prediction can significantly enhance model
robustness and generalization capabilities across different industry datasets. The integration of
Al-driven feature engineering has also played a pivotal role in churn management. Recent
literature highlights the use of natural language processing (NLP) and sentiment analysis for
extracting behavioral indicators from customer feedback, social media data, and call transcripts
[18]. This unstructured data provides a richer understanding of customer dissatisfaction and
intent, supplementing structured variables such as transaction frequency, product usage, and
service interactions. For instance, recurrent neural networks (RNNs) and convolutional neural
networks (CNNs) have demonstrated superior performance in modeling sequential customer
interactions, capturing temporal dependencies that are often missed by static models [19].
These advancements enable organizations to move from reactive retention tactics to
anticipatory interventions that target customers with personalized incentives and
communication strategies. A substantial body of work also emphasizes the role of key
performance indicators (KPIs) in evaluating and validating Al-driven churn management
frameworks. KPIs such as customer lifetime value (CLV), average revenue per user (ARPU),
retention rate, and churn probability score have been utilized to quantify the success of
predictive models [8]. These indicators not only facilitate model benchmarking but also provide
actionable insights into business strategy and operational improvement. Integrating KPI
tracking into Al-driven frameworks allows continuous performance monitoring and adaptive
recalibration, ensuring that churn prediction systems remain aligned with evolving market
dynamics and consumer behavior trends. Recent studies have proposed explainable Al (XAI)
and interpretable ML models to address the “black-box™ criticism often associated with deep
learning approaches [20]. By employing model-agnostic interpretation techniques such as
SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-Agnostic
Explanations), researchers have improved transparency in churn prediction, helping managers
understand the factors driving customer attrition. This has enhanced trust in Al systems a
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facilitated their integration into strategic decision-making processes [21]. Also this ensemble
meta-learning approaches, where multiple algorithms are combined and optimized through
stacking or blending, have been shown to reduce overfitting and improve the generalization of
churn prediction across heterogeneous datasets. Another significant development in churn
analytics is the utilization of real-time big data architectures, such as Apache Spark and Hadoop
ecosystems, enabling large-scale parallel processing for millions of customer records [22].
These infrastructures support continuous model updates and adaptive learning, allowing
predictive accuracy to improve with every new data point. The literature also identifies the
potential of reinforcement learning for optimizing churn management strategies, where models
learn from customer responses to retention campaigns and dynamically adjust actions to
maximize long-term engagement [5,11,17]. In the context of validation, cross-sectional and
longitudinal sampling techniques have been extensively employed to evaluate the effectiveness
of Al-based churn frameworks. Pre-implementation and post-implementation comparative
studies reveal that the deployment of ML-driven churn prediction models can lead to
substantial improvements in retention rates, customer satisfaction scores, and overall revenue
stability. Dual-phase validation through first sampling before implementation and second
sampling after implementation serves as a robust approach for assessing the real-world impact
of Al frameworks. This aligns with empirical research emphasizing continuous feedback loops
and model optimization cycles as a cornerstone of sustainable churn management strategies
[23].

METHODOLOGY AND THEORETICAL FRAMEWORK DEVELOPMENT

This study employs a comprehensive methodological approach aimed at designing,
implementing, and validating a KPI-based artificial intelligence (Al) and machine learning
(ML) predictive framework for next-generation customer churn management. The conceptual
foundation is rooted in the integration of data science, organizational learning, and performance
analytics, bridging theoretical constructs with applied technological design. Three theoretical
perspectives serve as the foundation for this framework: Technology Acceptance Model
(TAM), the Dynamic Capability Theory (DCT), and the Performance Management Theory
(PMT). The TAM provides a behavioral lens to understand how Al-based predictive systems
are adopted and utilized by decision-makers within organizations. The Dynamic Capability
Theory explains how firms continuously reconfigure internal resources to achieve sustainable
competitive advantage through adaptive learning. The Performance Management Theory offers
a systematic basis for embedding Key Performance Indicators (KPIs) as quantifiable measures

of success within the predictive framework. The combined application of these theories
establishes a logical foundation in which AI/ML predictive systems act as strategic enablers,
KPIs function as performance regulators, and dynamic learning serves as a feedback
mechanism for continuous optimization. The theoretical assumption underlying this study 1

Volume 49 Issue 4 (November 2025)
https://powertechjournal.com



. \» Power System Technology

Y 1SSN:1000-3673

Received: 16-09-2025 Revised: 05-10-2025 Accepted: 18-11-2025

that predictive insights derived from Al and ML technologies, when operationalized through a
structured KPI matrix, enhance customer retention efficiency by improving precision, speed,
and decision interpretability. This theoretical synergy defines the Next-Generation KPI-Based
Churn Management Framework (NGCMF) proposed in this research.

Framework Design and Conceptual Model
The theoretical model conceptualizes a causal relationship between four interrelated constructs:

e AI/ML Predictive Capabilities (Independent Variable)
e KPI Performance Metrics (Mediating Variable)

e Organizational Data Maturity (Moderating Variable)
e Churn Reduction (Dependent Variable)

Organizational Data

KPI

AI/ML Predictive [ . ]
Capabilities ] :> Peﬁ(gtfrl}glce |::> Churn Mitigation

Fig 1: Theoretical Framework of the Study

The framework hypothesizes that the integration of AI/ML-driven predictive insights with
KPI-based performance analytics leads to significant improvements in churn reduction and
overall retention rates. Also the maturity of data infrastructure and organizational readiness
moderates this relationship, enhancing or constraining the framework’s effectiveness [24].

Data Acquisition and Preprocessing

The research employed a mixed-method quantitative design, using two-stage sampling to
assess the effectiveness of the proposed framework. The first sampling phase was conducted
before the framework implementation to establish baseline performance, while the second
phase was executed after implementation to evaluate performance improvement. The
population under study consisted of customer data obtained from a leading telecommunications
and digital services organization. Data were collected from multiple customer touchpoints
including CRM records, billing data, digital engagement histories, and customer support logs.
The dataset was composed of both structured and unstructured data sources. Structured data
included demographic attributes, transactional frequency, and service usage statistics, while

unstructured data captured customer feedback, sentiment, and social media interactions. A
robust data cleaning and transformation process was implemented, addressing issues suc
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missing values, outliers, and inconsistent formats. Missing data were imputed using the K-
Nearest Neighbor (KNN) algorithm, while numerical features were normalized through Min-
Max scaling to ensure model compatibility. Feature selection was carried out using Recursive
Feature Elimination (RFE), identifying high-impact predictors such as complaint frequency,
tenure, payment delay, and engagement level. Additionally, textual sentiment data were
analyzed using Natural Language Processing (NLP) tools based on Bidirectional Encoder
Representations from Transformers (BERT) to quantify customer emotions and attitudes. The
resulting dataset was divided into training (70%), validation (15%), and testing (15%) subsets
to ensure generalizability and prevent overfitting. This division allowed for unbiased
evaluation and reliable cross-phase comparison between pre- and post-implementation
outcomes.

Al and Machine Learning Model Development

The core analytical layer involved the design, training, and validation of multiple Al and ML
algorithms for churn prediction. The primary models tested included Logistic Regression (LR),
Random Forest (RF), Gradient Boosting Machine (GBM), and Extreme Gradient Boosting
(XGBoost), alongside deep learning models such as Recurrent Neural Networks (RNN) and
Long Short-Term Memory (LSTM) networks. Each model was evaluated on its predictive
accuracy, interpretability, and computational efficiency. Hyperparameter tuning was
performed using grid search cross-validation to optimize performance parameters such as
learning rate, tree depth, and batch size. Model interpretability was ensured using Explainable
Al (XAI) techniques including SHapley Additive exPlanations (SHAP) and Local Interpretable
Model-Agnostic Explanations (LIME), which provided insights into feature contributions and
decision logic. This interpretability was essential for managerial trust and strategic integration
of Al outcomes into retention decisions. The framework also incorporated temporal analysis
using LSTM architectures to capture sequential behavioral trends such as time-to-churn and
seasonality in service usage. The model outputs were visualized through probability
distributions, indicating churn likelihood for each customer segment, thus allowing for targeted
retention strategies.

Integration of KPI-Based Performance Metrics

Once the AI/ML models were optimized, the next step involved embedding Key Performance
Indicators (KPIs) into the operational framework. KPIs were categorized into three core
groups: predictive, business, and operational. Predictive KPIs included metrics such as
accuracy, recall, precision, F1 score, and Area Under Curve (AUC), providing statistical
validation of the model’s performance. Business KPIs focused on tangible outcomes including
Customer Lifetime Value (CLV), retention rate, average revenue per user (ARPU), and

percentage reduction in monthly churn. These KPIs linked Al-driven insights directly to
organizational profitability and customer engagement. Operational KPIs such as mgq
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response time, system latency, and data throughput were used to evaluate the scalability and
efficiency of the predictive system. Each KPI was continuously monitored through a
performance dashboard, developed using Tableau and Power BI, allowing decision-makers to
visualize real-time insights and identify performance deviations. The KPI-driven feedback loop
also facilitated adaptive recalibration of the predictive models, ensuring sustained optimization
even under dynamic market conditions.

Empirical Validation through Two-Stage Sampling

To validate the effectiveness of the proposed framework, the study conducted two separate
sampling phases representing pre- and post-implementation states. The first sampling involved
analyzing churn prediction outcomes using traditional statistical models without AI/ML
augmentation, serving as the control dataset. The second sampling, conducted after deploying
the KPI-integrated Al framework, assessed the degree of improvement in churn prediction
accuracy and retention outcomes. A total of 20,000 customer profiles were analyzed across
both phases, ensuring demographic and behavioral representation through stratified random
sampling.

Ethical Considerations and Data Governance

Ethical compliance was central to this study, ensuring data integrity, transparency, and
customer privacy. All customer records were anonymized, and data handling adhered to the
ISO 27001:2022 standards. The system architecture incorporated secure data encryption,
access controls, and audit trails to prevent unauthorized access. Additionally, the use of
explainable Al ensured transparency in algorithmic decision-making, minimizing bias and
promoting ethical accountability.

Stepl: Step2: Data Step 3: Step 4: Evaluate

Telecom Define the cleansing/ Model & test the
Dataset problem preprocessing & selection & model results &
Feature Engineering Training performance

- Confusion Chi-square
isti isi Matrix-
Classification Logistic Decision Random i dependency
Regression Tree Forest precision test
& recall

Fig 2: Road map of the Study
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RESULTS AND FINDINGS

The results of this study present a comprehensive comparative analysis between two sampling
phases: pre-framework implementation (Phase I) and post-framework implementation (Phase
II). The data were collected from three major telecom companies operating in Pakistan, using
a stratified random sampling technique with size of n = 20000 customers, balanced across
gender, region, and age group distributions. The AI/ML-driven framework was implemented
over a 1.5 years pilot period, with key performance indicators (KPIs) used to evaluate
performance before and after deployment.

The analysis integrates predictive accuracy metrics, customer behavioral segmentation, churn
reduction rates, and revenue impact based on Pakistan’s telecom market dynamics, which are
characterized by high price sensitivity, low switching costs, and strong urban—rural divide in
service accessibility

Demographic distribution
The demographic distribution of participants in both phases is presented in Table 1.

Table 1. Demographic distribution of telecom customers (n = 20000)

Variable Category Percentage (%)

Male 58.4

Gender
Female 41.6
18-25 years 33.2
26-35 years 37.6

Age Group

3645 years 18.4
>45 years 10.8
Urban 62.3

Region
Rural 37.7

The results show that the majority of telecom users were young adults aged 18-35 years,
reflecting Pakistan’s youth-dominated population. Urban users (62.3%) were more
represented, consistent with greater telecom network penetration in major cities like Lahore,
Karachi, and Islamabad.

e Phase I: Pre-Implementation Analysis
Before implementation of the Al-driven churn management framework, customer dat
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indicated high churn volatility and weak predictive capacity of traditional models.
Logistic regression and decision tree baselines were tested to determine benchmark
churn prediction accuracy.

Table 2. Performance metrics of pre-implementation (traditional) models

Model Accuracy (%) Precision Recall FI Score AUC
Logistic Regression | 68.5 0.64 0.59 0.61 0.67
Decision Tree 71.2 0.68 0.64 0.65 0.70
Random Forest 75.6 0.72 0.70 0.71 0.76

The baseline accuracy of traditional models ranged between 68% and 75%, indicating moderate
prediction capability. Customer churn during the baseline period was recorded at 22.8%, driven
primarily by price dissatisfaction (31%), network quality issues (28%), and competitor
promotional offers (18%). These results align with prior local reports highlighting that price
competition and unstable service quality are the dominant drivers of churn in Pakistan’s
telecom sector.

Table 2: Customer Segment Characteristics & Baseline Churn (Pre-Implementation)

Customer % of Avg. Monthly Avg. Tenure Baseline
Segment Sample Revenue (PKR) (Months) Churn Rate
High-Val
sh-rane 12% 2,150 34 3.8%
Postpaid
Mass Market
s e 58% 380 21 7.5%
Prepaid
Data- tri
ata-Centric 25% 550 19 9.2%
Youth
D t/Low-
ormanimow 5% 120 11 18.5%
Usage

Table 2 establishes the pre-intervention landscape. The Dormant/Low-Usage segment
exhibited the highest churn rate, representing a volume-driven attrition problem. Conversely,
the High-Value Postpaid segment, while having a lower churn rate, represented the highest
financial risk. The Data-Centric Youth segment showed a significantly high churn rate,
indicating fierce competition for this future-proof cohort.
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Sentiment Analysis as a Leading Churn Indicator

From 20,000 samples more than 450,000+ unstructured customer interactions (support calls,
social media, chats) over the 18-month period were analysis for sentimentization. The results
quantified customer emotion as a critical predictive feature.

Table 3: Sentiment Analysis & Churn Correlation

Negative Churn Rate Post-
Scales for Churn . . . .
) Sentiment Primary Complaint Themes Negative
rate correlation ]
Rate Interaction

1. 4G Speed Inconsistency

Customer Support 364 2. Billing Errors on Data Bundles 28 1%
Calls ° 3. Call Drop in Dense Urban Areas (like S
Karachi & Lahore)
1. Public Complaints on Network Coverage
Social Media 31% 2. Competitor Promo Comparisons (Jazz vs. 19.4%
Mentions Zong)

3. Customer Service Responsiveness

1. Balance Deduction Issues
28% 2. Package Subscription Problems 22.7%
3. Agent Inefficiency

App/Web Chat
Logs

Table 3 reveals that a negative customer support call is the single most potent predictor of
imminent churn, with over 28% of such customers leaving within 60 days. Thematic analysis
highlighted network quality and billing transparency as the core drivers of dissatisfaction in
Pakistan. The derived "Negative Sentiment Score" feature was subsequently integrated into the
predictive models.

e Phase II: Post-Implementation Analysis
Following implementation of the proposed KPI-based Al framework, the system
leveraged Gradient Boosting, XGBoost, and Deep Neural Networks (DNNs) to enhance
churn prediction, supported by KPI monitoring dashboards that tracked engagement
frequency, complaint rate, and data usage per customer.

Table 3. Performance metrics of AI/ML models post-framework implementation
Model Accuracy (%) Precision Recall FI Score AUC
0.89

Gradient Boosting 87.4 0.85 0.84 0.84
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XGBoost 89.2 0.87 0.86 0.86 0.91
Deep Neural Network | 92.8 0.91 0.90 0.91 0.94

The post-implementation phase demonstrated a significant performance improvement across
all predictive metrics. The Deep Neural Network (DNN) achieved the highest predictive
accuracy (92.8%) and AUC of 0.94, indicating superior discrimination between churn and non-
churn customers. This result validates the hypothesis that Al-driven KPI systems outperform
traditional statistical models in dynamic, customer-centric industries like telecom.

Key Performance Indicator (KPI)
The framework’s design incorporated five major KPIs:

v Customer Lifetime Value (CLV)

v Average Revenue Per User (ARPU)

v" Complaint Resolution Turnaround Time (CRTT)
v Customer Engagement Frequency (CEF)

v Net Promoter Score (NPS)

The following table quantifies the performance uplift across the Predictive, Business, and
Operational KPI categories following the 6-month operationalization of the Next-Generation
Churn Management Framework. The data reflects the aggregate results from the 20,000-
customer sample and system monitoring.

Table 4. Comparative KPI analysis (before and after framework implementation)

KPI ) Pre-Implementation  Post-Implementation %
S, KPI
Category pecific Mean Mean Change
Accuracy 0.835 0.894 +7.1%
Recall 0.698 0.849 +21.6%
Predictive
isi . . +16.59
KPIs Precision 0.745 0.868 16.5%
F1-Score 0.720 0.858 +19.2%
AUC-ROC 0.865 0.952 +10.1%
CLV (PKR) 4,450 5,420 +21.8%
Retention Rate (%) 89.1% 93.5% +4.9%
Business
KPIs ARPU (PKR/month) 455 478 +5.1%
Reduction in Monthly ) o
Churn (%) Baseline 31.5%
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Model R Ti
odel Response Time 1,850 420 -77.3%
(ms)
Operational System Latency (ms) 320 85 73.4%
KPIs d Y o
Data Through
ata Throughput 1.200 3,500 +191.7%
(records/sec)

Customer Churn Reduction and Revenue Growth

The Al framework led to a notable decline in churn rate, from 22.8% pre-implementation to
11.6% post-implementation, over eighteen months. The reduction was particularly evident
among urban millennial customers, who responded strongly to personalized retention offers
driven by Al-based recommendations.
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Figure 2. Customer churn trend before and after framework implementation

A nearly 50% reduction in churn demonstrates the practical utility of intelligent data analytics
in a highly competitive, price-sensitive market. Also the telecom company observed a 13.4%
increase in total revenue and a 7.2% improvement in gross profit margin, primarily due to the
reduced acquisition cost of replacing lost customers.

Behavioral Insights from Predictive Modeling

The Al models generated granular insights into churn determinants across Pakistani customer
segments:
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Table 5. Major predictors of churn identified through feature importance (XGBoost model)

Relative
Rank Variable Importance (%)

1 Frequency of recharge gaps 18.2

2 Call drop rate 15.7

3 Average data usage per month 13.8

4 Complaint frequency 12.6

5 Offer acceptance rate 11.1

6 Payment delays 93

7 Customer tenure 7.5

8 Regional network strength 6.3

9 Service plan type 4.0
10 | Age group 1.5

Validation Through Two-Phase Sampling
To ensure validity, two distinct random samples (each n=20000) were collected:

e Phase I (before framework): Baseline data for traditional churn management.
e Phase II (after framework): Data after Al-based implementation.

A paired-sample t-test was conducted to test mean differences across KPIs, churn rate, and
customer satisfaction indices.

Table 6. Paired t-test results comparing Phase I and Phase 11

Variable Mean Difference  t-value p-value  Significance
Churn Rate (%) -11.2 12.64 <0.001 Significant
ARPU (PKR) +340 8.72 <0.002 Significant
CLV (PKR) +1,680 9.54 <0.001 Significant
CRITT (hrs) -16.6 7.83 <0.005 Significant
NPS (score) +27 10.21 <0.001 Significant

All paired differences were statistically significant (p < 0.05), confirming that the proposed
framework had a positive and measurable impact across both financial and behavioral KPIs.
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Figure 2. Comparative KPl| Radar Chart (Pre ' = Pre-Implementation

ARPU Post-implementation

CR

Figure 3. Comparative KPI radar chart (pre vs. post)
DISCUSSION

The primary objective of this research was to develop and empirically validate an AT and ML-
based Key Performance Indicator (KPI) framework for customer churn management in
Pakistan’s telecom industry. The findings revealed that the proposed Next-Generation KPI-
Based AI Framework (NGCMF) significantly outperformed traditional churn prediction
systems in both accuracy and operational impact. The discussion below elaborates on the
theoretical, empirical, and managerial interpretations of these results, connecting them with
global research trends and contextual realities within Pakistan’s telecom ecosystem. The post-
implementation performance of the framework, particularly the Deep Neural Network (DNN)
and XGBoost models, demonstrated substantial predictive power, with accuracy levels
reaching 92.8% and AUC scores above 0.90. This enhancement over traditional logistic and
decision tree models underscores the superiority of ensemble and deep learning architectures
in capturing non-linear, multi-dimensional relationships inherent in customer churn data. Such
results are consistent with international findings where gradient-boosted models and DNNs
outperform conventional models by leveraging feature interdependencies and sequential
learning patterns [25]. The integration of temporal behavior indicators such as recharge gaps,
complaint frequency, and service interaction rates allowed the model to dynamically detect
churn risk rather than rely on static historical trends. Within the Pakistani context, this
predictive robustness is particularly critical. Telecom user behavior is characterized by rapidly
shifting loyalty, prepaid dominance, and impulsive switching factors that demand adaptive,
high-resolution analytical techniques [26]. Hence, the DNN’s ability to continuously learn from
evolving customer patterns presents a technological leap for Pakistan’s telecom operators,

enabling real-time churn risk mitigation.
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The incorporation of KPIs as mediating variables between Al-based predictions and managerial
action forms the strategic nucleus of the proposed framework. The significant improvement
across Customer Lifetime Value (CLV), Average Revenue Per User (ARPU), Net Promoter
Score (NPS), and Complaint Resolution Turnaround Time (CRTT) validates the conceptual
foundation that Al-generated insights, when operationalized through KPIs, yield measurable
business transformation. The observed 32.3% increase in CLV and 23.9% rise in ARPU
indicate that Al-based personalization strategies foster stronger customer relationships and
enhanced revenue optimization. Similarly, a 65.8% improvement in NPS signifies improved
customer advocacy and satisfaction metrics that translate into tangible brand equity. These
trends reflect a broader digital transformation pattern, where data-driven KPIs act as decision
enablers rather than mere performance trackers [27]. From a managerial perspective, this KPI-
centered Al framework bridges the gap between predictive analytics and operational decision-
making. Traditional models often fail to convert predictive signals into actionable strategies
due to the absence of contextual KPIs that align with organizational objectives. By quantifying
Al outcomes into measurable indicators, telecom executives can now monitor progress,
allocate resources, and redesign service workflows based on empirical evidence rather than
intuition [28]. The most tangible outcome of this study is the 49.1% reduction in churn rate,
decreasing from 22.8% to 11.6% post-implementation. This reduction holds both economic
and behavioral significance. In financial terms, it represents substantial savings in acquisition
costs, as retaining existing customers is markedly more cost-effective than attracting new ones
[11]. In behavioral terms, it indicates a shift from reactive retention (responding after customer
loss) to proactive engagement (predicting and preventing churn). Pakistan’s telecom market
exhibits distinct characteristics compared to developed economies. The majority of users
operate on prepaid plans, often owning multiple SIM cards, resulting in fluid customer bases
with high churn potential. Moreover, price sensitivity and network reliability are decisive
factors in switching behavior [29]. The proposed framework’s predictive focus on these
variables particularly recharge gaps, call drop rates, and complaint frequency demonstrates
localized adaptability, making it contextually relevant to Pakistan’s user dynamics. The
behavioral segmentation insights generated through Al models reveal that urban millennials
show the highest responsiveness to retention campaigns driven by personalized offers and data
bundles. Conversely, rural users exhibit churn largely driven by network coverage constraints,
suggesting infrastructural rather than behavioral causation. These differentiated findings
support the argument that Al models must be contextualized within regional and socio-
economic realities to achieve maximum efficacy [17,21].

The empirical results also reinforce the theoretical framework underpinning this study, which
integrated elements from Technology Acceptance Model (TAM), Dynamic Capability Theory
(DCT), and Performance Management Theory (PMT). From the TAM perspective, the
successful adoption of Al-based churn management tools among telecom decision-ma
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highlights the importance of perceived usefulness and ease of use [30]. The integration of KPI
dashboards enhanced interpretability and managerial acceptance of Al-generated predictions,
mitigating resistance often encountered in data science deployments. Through the lens of DCT,
the framework demonstrates how organizations can develop dynamic analytical capabilities
the ability to sense, learn, and respond rapidly to environmental changes. The predictive
modeling layer acts as a sensing mechanism, identifying churn risks, while KPI feedback loops
enable learning and adaptive responses [31]. Finally, from the standpoint of PMT, the
alignment between predictive analytics and performance outcomes validates the principle that
effective management requires quantifiable metrics linked to strategic objectives. The positive
correlation between Al-based predictions and KPI improvements (r = 0.81, p < 0.001)
substantiates this theoretical synergy [32].

When compared with prior studies in both Pakistani and international contexts, the current
framework exhibits superior predictive and strategic performance. For instance, Rehman & Ali
(2022) reported a maximum churn prediction accuracy of 78% using logistic regression models
in Pakistani telecom data [21], while this study achieved over 92% accuracy through deep
learning. Similarly, international benchmarks using ensemble methods in European telecoms
reported improvements between 10—15% [18]; the 17% improvement observed here surpasses
those margins, emphasizing the potential of hybrid AI-KPI integration in emerging markets.
Previous research in Pakistan has largely focused on descriptive churn analytics identifying
factors after customer departure without integrating predictive and prescriptive capabilities
[19,20]. The current study advances this literature by moving from predictive modeling to
decision intelligence, incorporating feedback-based performance control through KPIs. This
represents a paradigm shift from merely analyzing churn to dynamically preventing it.
Pakistan’s telecom ecosystem operates within unique cultural, economic, and behavioral
constraints that shape customer—operator relationships. The observed model performance is
therefore not only a reflection of technological superiority but also of its alignment with
localized behavioral realities. The youth-dominated demographic (63% under age 30) exhibits
high digital literacy, frequent SIM switching, and promotion-driven loyalty [33]. Al-based
personalization through micro-segmentation and real-time offer generation addresses this
volatility effectively. Additionally, the strong improvement in NPS (+65.8%) demonstrates
how data-driven responsiveness enhances perceived fairness and brand trust, which are critical
determinants of loyalty in collectivist societies. The urban—rural divide remains a key
differentiator. Urban users benefit from advanced 4G infrastructure and digital engagement
channels, while rural regions still rely heavily on voice and SMS-based services. By
incorporating regional network strength and complaint frequency as predictive variables, the

model ensures inclusivity and contextual fairness. This adaptability is essential for telecoms
operating in Pakistan’s diverse market landscape, where consumer expectations vary
drastically across provinces [34].
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Globally, several Al-driven churn prediction systems exist; however, few integrate KPI-based
strategic alignment. Most frameworks, such as those applied in Western telecoms, emphasize
accuracy without embedding operational accountability. The NGCMF’s innovation lies in
combining predictive intelligence with performance governance, creating a closed-loop system
that not only predicts churn but also continuously monitors improvement [35]. Unlike models
developed in mature digital markets, this framework is calibrated for resource-constrained and
behaviorally diverse environments typical of developing economies like Pakistan. This
localization ensures scalability, cost-effectiveness, and contextual precision, enabling smaller
telecom operators to adopt it without extensive infrastructural overhaul.

Limitations and Future Directions

Despite its strengths, the study acknowledges certain limitations. Firstly, the time horizon of
eighteen months may not fully capture long-term behavioral stability; seasonal fluctuations and
macroeconomic shifts could influence churn rates. Secondly, although the model incorporated
extensive features, social media sentiment data and network infrastructure metrics were
excluded due to limited data availability. Their inclusion could further enhance predictive
depth. Future research should aim to expand the framework by integrating real-time streaming
data and unsupervised behavioral clustering to detect emerging churn signals. Additionally, the
use of Generative Al and Large Language Models (LLMs) can help predict emotional or
attitudinal churn by analyzing customer complaints, call logs, and chat transcripts. Lastly,
cross-industry applications of the framework such as in banking, insurance, or e-commerce
could validate its generalizability. Pakistan’s broader service sectors, many of which face
similar customer retention challenges, could benefit from adapting this AI-KPI model to their
specific operational contexts.

CONCLUSION

This study establishes that Al and ML, when strategically integrated with KPI-based
performance governance, revolutionize customer churn management in Pakistan’s telecom
sector. The developed NGCMF not only predicts churn with exceptional accuracy but also
converts insights into measurable business impact bridging the long-standing gap between
analytics and execution. The implications transcend technological innovation; they represent a
paradigm shift in organizational intelligence. The framework empowers managers with real-
time, evidence-based decision tools, reducing dependency on intuition and reactive crisis
management. It cultivates a culture of data-driven adaptability, where every customer
interaction becomes an opportunity for prediction, personalization, and performance
enhancement. Also this research underscores that the true power of Al lies not merely in
prediction but in strategic alignment, contextual intelligence, and ethical execution. As

Pakistan’s telecom industry prepares for 5G expansion and digital ecosystem integration, the
adoption of Al-driven KPI frameworks marks a decisive step toward achieving long-t
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customer loyalty, operational excellence, and sustainable competitive advantage in the digital
era.
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