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Abstract- Customer attrition has become a major challenge for organisations 

operating in highly competitive and digitally driven markets. Retaining existing 

customers is increasingly recognised as more cost-effective than acquiring new ones, 

making intelligent attrition management a strategic priority. This study explores the 

role of predictive analytics and customer segmentation in developing intelligent 

customer attrition management systems, integrating machine learning, deep learning, 

explainable artificial intelligence and customer behavioural analytics to improve churn 

prediction accuracy and support strategic retention decision-making. Twelve studies 

published between 2024 and 2026 are reviewed and organised into three themes 

covering predictive analytics and machine learning, segmentation with explainable 

analytics, and intelligent decision support with risk analytics. The reviewed evidence is 

consolidated into comparative tables that map each study to its sector, method, principal 

finding and limitation, alongside a layer-by-layer specification of the proposed 

framework and an assessment of the data sources and monitoring modes the corpus 

relies upon. Six research gaps are identified and mapped to corresponding research 

directions. The framework emphasises real-time analytics, explainable models and 

personalised retention strategies to enhance customer engagement and long-term 

profitability, and the findings suggest that intelligent analytics frameworks can improve 

proactive retention, optimise managerial decision-making and strengthen competitive 

advantage in dynamic business environments. 

 
Keywords- Predictive analytics; customer segmentation; customer attrition; churn prediction; 

machine learning; deep learning; explainable AI; customer retention; intelligent decision support; 

behavioural analytics. 

 

I.  Introduction 
 

In today's data-driven business environment, customer retention has become one of the 

most important determinants of organisational success and sustainability. Increasing 

competition, digital transformation and evolving customer expectations have forced 

organisations to adopt advanced analytical approaches to understand customer 

behaviour and reduce attrition. Customer attrition, also referred to as churn, occurs 

when customers discontinue their relationship with a company because of 

dissatisfaction, competitive alternatives, pricing concerns or changes in personal 

preference. High attrition rates negatively affect revenue, customer lifetime value, 

brand loyalty and long-term growth. 
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With the growth of big data technologies, organisations now have access to large 

volumes of customer information including transactional records, purchasing 

behaviour, service usage patterns, online interactions and demographic data. Predictive 

analytics transforms this data into actionable insight that helps identify customers likely 

to churn, and machine learning and deep learning algorithms can analyse complex 

behavioural patterns with high accuracy, enabling proactive retention strategies. 

Customer segmentation further strengthens attrition management by grouping 

customers according to behavioural characteristics, engagement level, profitability and 

purchasing pattern, allowing organisations to design personalised retention 

programmes, targeted campaigns and customised service offerings. Advances in 

explainable artificial intelligence have improved the transparency and interpretability 

of predictive models, helping managers understand the factors influencing churn 

decisions. 

 

Several industries including banking, telecommunications, e-commerce, retail and 

digital services have adopted predictive analytics for intelligent customer management. 

Real-time predictive systems and IoT-enabled analytics have further enhanced the 

ability to monitor customer behaviour continuously and respond to churn risk more 

effectively. 

 

Despite these advances, many organisations still struggle to integrate predictive 

analytics, explainable AI, segmentation and managerial decision-making into a unified 

attrition management framework. Existing studies often focus on prediction accuracy 

rather than strategic applicability and retention planning. There is therefore a growing 

need for intelligent managerial analytics frameworks that combine predictive 

intelligence with customer-centric retention strategies. 

 

1. Objectives and Contributions of this Study 

This study aims to develop a comprehensive framework for predictive analytics and 

customer segmentation in intelligent attrition management. It makes four contributions. 

First, it consolidates twelve recent studies into a structured thematic review supported 

by comparative tables rather than narrative description alone. Second, it specifies the 

framework layer by layer, stating the function of each layer and the studies that support 

it, so that the term intelligent attrition management carries a concrete operational 

definition. Third, it assesses the data sources and monitoring modes the corpus relies 

upon, which bears directly on the claim that real-time analytics improves proactive 

retention. Fourth, it identifies six research gaps and maps each explicitly to a 

corresponding research direction. 

 

2. Organisation of the Paper 

Section 2 reviews the literature across three themes and consolidates it in comparative 

tables. Section 3 presents the structure of the proposed framework. Section 4 sets out 

the research gaps. Section 5 concludes, and Section 6 details future work. 
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II. Literature Review 
 

Customer attrition management has emerged as a critical research area in managerial 

analytics because of increasing competition, digital transformation and the growing 

availability of customer data. Organisations are adopting predictive analytics, 

segmentation and explainable artificial intelligence to identify churn-prone customers 

and design intelligent retention strategies. This section reviews the literature across 

three themes: predictive analytics and machine learning, segmentation with explainable 

analytics, and intelligent decision support with risk analytics. 

 

1. Predictive Analytics and Machine Learning for Customer Attrition 

Predictive analytics has become one of the most effective approaches to attrition 

prediction across sectors. Zhou, Han and Zhou (2024) proposed a multi-step regularity 

assessment and joint prediction system based on entropy and deep learning for time-

series analysis, demonstrating how deep models identify latent behavioural patterns and 

improve accuracy in sequential customer activity, and emphasising the significance of 

temporal analytics in forecasting attrition tendencies. 

 

Barsotti et al. (2024) surveyed a decade of churn prediction techniques in 

telecommunications and highlighted the increasing adoption of machine learning and 

ensemble models, identifying Random Forest, Gradient Boosting, Support Vector 

Machines and neural networks as the most widely used algorithms. As the only decade-

scale synthesis in the corpus, this study provides the historical baseline against which 

more recent architectural claims should be read. 

 

Thorne (2026) compared machine learning and deep learning approaches across global 

service sectors and found that deep learning outperforms traditional models on large-

scale and complex customer datasets. Gera et al. (2026) developed a real-time deep 

learning framework for forecasting attrition in digital banking, demonstrating the 

effectiveness of real-time predictive systems in enabling proactive retention. Their real-

time design is significant for the framework proposed here, because it shifts prediction 

from a periodic reporting exercise to a continuous signal that can trigger intervention. 

 

Moorthy, Bashini and Suchitra (2026) focused on predictive modelling of attrition in 

banking and found that predictive frameworks improve organisational decision-making 

by identifying high-risk customers before churn occurs. Balaji and Ramprashath (2026) 

introduced customised machine learning models integrated with IoT-based systems for 

client attrition prediction across multiple sectors, highlighting the growing importance 

of intelligent and adaptive frameworks and providing the corpus with its clearest 

example of multi-sector design. 
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Figure 1: Predictive analytics framework for customer attrition detection 

 

Figure 1 illustrates a predictive analytics workflow for customer attrition management, 

covering customer data collection, preprocessing, feature extraction, machine learning 

and deep learning model training, churn probability prediction and retention decision-

making. It highlights the role of predictive analytics and real-time intelligence in 

identifying high-risk customers across banking, telecommunications and digital 

services. 

 

2. Customer Segmentation and Explainable Analytics for Retention 

Segmentation plays a vital role in intelligent attrition management because it enables 

organisations to design personalised retention strategies based on behaviour and value. 

Sucharitha et al. (2025) proposed a SHAP-enhanced PCA-DBSCAN framework for 

interpretable retail customer segmentation, combining clustering with explainable AI 

to improve the interpretability of segmentation outcomes and helping organisations 

identify groups by purchasing behaviour, engagement level and strategic insight. This 

is notable because explainability is applied to the segmentation stage rather than only 

to the prediction stage, which is where most of the corpus places it. 

 

Tonati et al. (2025) introduced counterfactual ensemble models for interpretable churn 

prediction using both real-world and privacy-preserving synthetic datasets, 

emphasising that explainability enables managers to understand contributing factors 

and demonstrating that interpretable models improve managerial trust. Their 

counterfactual approach is directly actionable, since it indicates what would have to 

change for a customer not to churn rather than only which features mattered. 

 

Maqbool and Qureshi (2026) conducted a systematic literature review on explainable 

AI for churn prediction, segmentation and retention, highlighting that opaque predictive 

models lack the transparency required in managerial environments and emphasising 

that explainable techniques improve accountability and managerial acceptance. 

 

Isen et al. (2026) investigated the impact of customer analytics on sales funnel 

conversion and retention in e-commerce, and found that segmentation and behavioural 

analytics improve retention rates, engagement and profitability, emphasising 

personalised recommendation and targeted marketing. This is the only study in the 

corpus to measure a business outcome rather than a prediction metric, which makes it 

unusually relevant to a framework claiming managerial value. 
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Figure 2: Explainable customer segmentation and retention strategy model 

 

Figure 2 presents an interpretable segmentation framework using clustering techniques 

and explainable AI methods, with customers segmented by behavioural pattern, 

transaction frequency, engagement level and customer value. It demonstrates how 

organisations apply personalised retention strategies, targeted marketing and 

engagement programmes to reduce attrition and improve long-term relationships. 

 

3. Intelligent Decision Support and Risk Analytics 

The evolution of intelligent analytics has enabled organisations to move beyond churn 

prediction toward strategic decision-support frameworks. Chen (2025) developed an 

enterprise financial risk prediction and intelligent early warning model based on deep 

learning. Although focused on financial risk, the study demonstrates how predictive 

systems support early detection of organisational risk and timely intervention, and the 

early warning structure transfers directly to attrition management. 

 

Naik and Chakraborti (2025) explored employment tenure prediction for Indian IT 

professionals using LinkedIn network data and machine learning, demonstrating that 

predictive behavioural analytics can estimate retention and turnover patterns. Their use 

of external network data rather than internal records is distinctive within the corpus and 

suggests a source of behavioural signal that customer attrition research largely 

overlooks. 

 

Recent work in this area emphasises integrating predictive analytics, explainable AI, 

segmentation and real-time monitoring so that systems not only predict churn but 

support strategic decision-making through actionable insight, personalised retention 

strategies and early warning mechanisms. Despite this progress, the literature still lacks 

a unified managerial framework integrating predictive modelling, explainable 

analytics, segmentation and strategic decision support into a comprehensive intelligent 

attrition management system. 

 

 
Figure 3: Intelligent decision support framework for attrition risk management 
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Figure 3 depicts an intelligent managerial analytics system integrating predictive 

modelling, risk analytics, explainable AI and strategic decision support. It illustrates 

how organisations use behavioural analytics, early warning systems and deep learning-

based risk assessment to support proactive intervention, retention planning and 

sustainable organisational performance. 

 

4. Consolidated Summary of the Reviewed Literature 

Table 1 organises the reviewed studies by theme, and Table 2 compares each study on 

sector, method, principal finding and the limitation it leaves unresolved. The limitation 

column reflects the assessment of this study rather than statements made by the original 

authors. 

 

Table 1: Thematic organisation of the reviewed literature 

Theme Analytical focus Studies Count 

T1. Predictive 

analytics and 

machine 

learning 

Temporal modelling, ensemble 

and deep learning comparison, 

real-time and IoT-enabled 

prediction 

Zhou et al. (2024); Barsotti et 

al. (2024); Thorne (2026); 

Gera et al. (2026); Moorthy et 

al. (2026); Balaji & 

Ramprashath (2026) 

6 

T2. 

Segmentation 

and explainable 

analytics 

Interpretable clustering, 

counterfactual explanation, XAI 

synthesis and outcome 

measurement 

Sucharitha et al. (2025); 

Tonati et al. (2025); Maqbool 

& Qureshi (2026); Isen et al. 

(2026) 

4 

T3. Intelligent 

decision support 

and risk 

analytics 

Early warning modelling and 

behavioural tenure prediction from 

external data 

Chen (2025); Naik & 

Chakraborti (2025) 
2 

 

Table 2: Comparative summary of the reviewed studies 

Study Sector Method 
Principal reported 

finding 

Limitation for 

intelligent attrition 

management 

Zhou et al. 

(2024) 
Time-series ordering 

Entropy with 

deep learning 

joint prediction 

Temporal modelling 

exposes latent 

behavioural patterns 

Method-focused; not 

evaluated on 

customer churn data 

Barsotti et al. 

(2024) 
Telecommunications 

Decade-scale 

survey of churn 

techniques 

Ensemble and ML 

methods dominate 

churn prediction 

Survey only; single-

sector scope 

Thorne 

(2026) 

Global service 

sectors 

ML versus DL 

comparative 

analysis 

Deep learning 

handles large 

complex datasets 

better 

Computational cost 

of deep models not 

reported 

Gera et al. 

(2026) 
Digital banking 

Real-time deep 

learning 

forecasting 

Real-time prediction 

enables proactive 

retention 

Requires continuous 

data infrastructure 
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Study Sector Method 
Principal reported 

finding 

Limitation for 

intelligent attrition 

management 

Moorthy et 

al. (2026) 
Banking 

Predictive 

modelling with 

ML algorithms 

High-risk customers 

identified before 

churn occurs 

Accuracy-focused; 

retention actions not 

evaluated 

Balaji & 

Ramprashath 

(2026) 

Multiple sectors 

Customised ML 

with IoT 

integration 

Adaptive multi-sector 

prediction is feasible 

IoT instrumentation 

unavailable in many 

settings 

Sucharitha et 

al. (2025) 
Retail 

SHAP-

enhanced PCA-

DBSCAN 

clustering 

Explainability 

applied at the 

segmentation stage 

Segment stability 

over time not 

assessed 

Tonati et al. 

(2025) 
Cross-sector 

Counterfactual 

ensembles with 

synthetic data 

Counterfactuals show 

what would prevent 

churn 

Counterfactual 

feasibility for the 

firm not evaluated 

Maqbool & 

Qureshi 

(2026) 

Cross-sector 

Systematic 

review of XAI 

for churn 

Opaque models limit 

managerial 

acceptance 

Synthesis only; no 

empirical 

comparison 

Isen et al. 

(2026) 
E-commerce 

Customer 

analytics and 

funnel analysis 

Segmentation 

improves retention, 

engagement and 

profitability 

Outcome measured 

at aggregate rather 

than customer level 

Chen (2025) Enterprise finance 

Deep learning 

early warning 

model 

Early warning 

supports timely 

managerial 

intervention 

Financial risk 

domain; customer 

transferability 

structural 

Naik & 

Chakraborti 

(2025) 

Workforce (IT) 
ML on external 

network data 

External behavioural 

signals predict tenure 

Workforce domain; 

raises data 

governance 

questions 

 

Three observations follow from Table 2. First, only Isen et al. (2026) measures a 

business outcome such as retention rate or profitability; every other study reports 

prediction quality, so the managerial value of these systems remains largely inferred 

rather than demonstrated. Second, explainability appears in four studies but is applied 

at different points in the pipeline, to segmentation by Sucharitha et al. (2025) and to 

prediction by Tonati et al. (2025), and no study explains the retention decision itself. 

Third, only Balaji and Ramprashath (2026) is designed for multiple sectors, while the 

rest are single-sector, which is precisely the generalisation gap identified in Section 4. 

 

5. Data Sources and Monitoring Modes in the Reviewed Corpus 

Because the proposed framework emphasises real-time analytics, Table 3 sets out the 

data sources used across the corpus, the analytical purpose each serves and whether the 
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associated studies operate in batch or continuous mode. This bears directly on the fourth 

research gap identified in Section 4. 

 

Table 3: Data sources, analytical purpose and monitoring mode 

Data source Analytical purpose 
Monitoring 

mode 
Reported in 

Transactional 

records 

Establishing purchase frequency, 

recency and value baselines 
Batch 

Moorthy et al. 

(2026); Barsotti et al. 

(2024) 

Service usage and 

behavioural logs 

Detecting disengagement trends 

before churn occurs 

Batch and 

continuous 

Zhou et al. (2024); 

Thorne (2026) 

Demographic 

attributes 

Segmenting customers and 

conditioning predictions 
Static 

Sucharitha et al. 

(2025) 

Interaction and 

engagement data 

Capturing service contact and 

complaint signals 
Batch Isen et al. (2026) 

Real-time 

streaming data 

Triggering intervention while the 

customer is still active 
Continuous Gera et al. (2026) 

IoT-generated 

signals 

Extending monitoring to device 

and service-level behaviour 
Continuous 

Balaji & 

Ramprashath (2026) 

External network 

and social data 

Adding behavioural signal 

beyond internal records 
Periodic 

Naik & Chakraborti 

(2025) 

Enterprise risk 

indicators 

Supporting early warning at 

organisational level 
Batch Chen (2025) 

 

Only three studies operate in genuinely continuous mode, and two of those require 

infrastructure that most organisations do not have. The claim that real-time analytics 

improves proactive retention is therefore plausible but thinly evidenced, and a 

framework advancing it should state the data infrastructure it presupposes rather than 

treating real-time capability as a costless upgrade. 

 

III. Structure of the Proposed Framework 

 
The proposed framework organises the techniques and constructs described above into 

a layered intelligent analytics structure. This section states its layers and their functions; 

empirical validation lies outside the scope of the present study and is set out as future 

work in Section 6. 

 

1. Framework Layers 

Table 4 specifies the framework layer by layer, stating the function each performs and 

the reviewed studies that motivate it. Setting the framework out this way gives the term 

intelligent attrition management a concrete operational definition and shows which 

layers the current literature supports well and which remain thinly evidenced. 
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Table 4: Layers of the proposed intelligent attrition management framework 

Layer Function Associated techniques Supporting studies 

L1. Data 

acquisition 

Assembling transactional, 

behavioural, demographic 

and interaction data 

Feature engineering 

across internal customer 

records 

Moorthy et al. (2026); 

Isen et al. (2026) 

L2. Real-

time 

monitoring 

Observing customer 

behaviour continuously 

rather than periodically 

Streaming analytics and 

IoT-enabled monitoring 

Gera et al. (2026); Balaji 

& Ramprashath (2026) 

L3. 

Predictive 

modelling 

Estimating attrition risk 

for individual customers 

Ensembles, deep 

networks and temporal 

models 

Thorne (2026); Zhou et 

al. (2024); Barsotti et al. 

(2024) 

L4. 

Segmentation 

Grouping customers so 

prediction and action can 

be differentiated 

Interpretable clustering 

such as PCA-DBSCAN 
Sucharitha et al. (2025) 

L5. 

Explanation 

Identifying why a 

customer is at risk and 

what would change it 

SHAP attribution and 

counterfactual ensembles 

Tonati et al. (2025); 

Maqbool & Qureshi 

(2026) 

L6. Early 

warning 

Converting risk estimates 

into timely alerts for 

managers 

Threshold-based early 

warning models 
Chen (2025) 

L7. Strategic 

retention 

action 

Translating analysis into 

personalised intervention 

Targeted campaigns, 

personalised offers, 

engagement programmes 

Isen et al. (2026) 

 

The layer-by-layer view exposes an imbalance in the evidence. Predictive modelling 

(L3) is supported by several studies, whereas segmentation (L4), early warning (L6) 

and strategic retention action (L7) each rest on a single study. The framework is 

therefore best evidenced in the middle of the pipeline and weakest at the point where 

analytics becomes managerial action, which is the contribution this study claims and 

the place where its own empirical validation should concentrate. 

 

IV. Research Gap 
 

Although considerable research has been conducted on churn prediction and 

segmentation analytics, six research gaps remain in the current literature. They are 

stated below and mapped to corresponding research directions in Table 5. 

 

First, many studies focus on improving prediction accuracy using machine learning and 

deep learning while giving limited attention to integrating predictive outputs with 

strategic managerial decision-making and actionable retention planning. 

 

Second, most churn prediction models are designed for specific industries such as 

telecommunications or banking, limiting the development of generalised intelligent 

attrition management frameworks adaptable across multiple business sectors. 
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Third, although segmentation techniques are widely adopted, few studies integrate 

segmentation analytics with explainable AI. Many advanced models operate as opaque 

systems, making it difficult for managers to understand the reasons for churn and 

limiting organisational trust in automated decision systems. 

 

Fourth, existing frameworks rely heavily on historical transactional data while 

overlooking real-time customer behaviour, social interaction, IoT-generated data and 

external environmental factors that significantly influence retention decisions. 

 

Fifth, limited research has explored the integration of predictive analytics, segmentation 

and intelligent early warning systems into a unified decision-support framework 

capable of supporting proactive and personalised retention. 

 

Finally, many current models do not adequately incorporate customer lifetime value, 

profitability analysis and behavioural dynamics into attrition prediction, so 

organisations may fail to prioritise high-value customers and optimise retention 

resource allocation. 

 

Table 5: Research gaps mapped to corresponding research directions 

No. Identified research gap Corresponding research direction 

G1 
Prediction accuracy prioritised over 

managerial action 

Evaluate frameworks by retention and profitability 

outcomes, not prediction metrics alone 

G2 Models are industry-specific 
Validate across banking, telecom, retail, insurance 

and e-commerce settings 

G3 
Segmentation and explainable AI 

rarely integrated 

Apply explanation at segmentation, prediction and 

retention-decision stages together 

G4 
Real-time, IoT, social and external 

data underused 

Incorporate streaming, IoT and external signals, 

stating the infrastructure each presupposes 

G5 
Prediction, segmentation and early 

warning not unified 

Build a single decision-support pipeline linking 

risk, segment and alert to a specific action 

G6 
Customer lifetime value and 

profitability not incorporated 

Weight retention effort by customer value so 

resources follow expected return 

 

V. Conclusion 
 

Customer attrition management has become an essential strategic function for 

organisations operating in competitive and digitally transformed environments. 

Advances in predictive analytics, machine learning, deep learning and segmentation 

have improved the ability to identify churn-prone customers and implement proactive 

retention strategies. 

 

This study proposed a framework for predictive analytics and customer segmentation 

in intelligent attrition management, integrating predictive modelling, explainable 

artificial intelligence, segmentation and intelligent decision support into a unified 
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managerial analytics structure. The framework was specified through seven layers, each 

linked explicitly to the reviewed literature that motivates it, emphasising real-time 

monitoring and personalised retention alongside prediction accuracy. 

 

Three observations emerged from the comparative synthesis. Only one reviewed study 

measures a business outcome rather than a prediction metric, so the managerial value 

of these systems remains largely inferred. Explainability appears at different points 

across studies but no study explains the retention decision itself. And only three studies 

operate in genuinely continuous mode, so the case for real-time analytics is plausible 

but thinly evidenced and dependent on infrastructure many organisations lack. 

 

The framework contributes to both research and business practice by bridging 

predictive analytics and intelligent retention management, enabling organisations to 

identify high-risk customers, prioritise valuable segments, optimise marketing 

intervention and improve customer relationship management. Its principal limitation is 

that it is presented as a design rather than a validated system; empirical validation is 

required before claims about retention effectiveness can be made. 

 

Future Work 

Future research can extend this study in several directions, presented here in order of 

priority. First, the framework should be empirically validated using real-world datasets 

from banking, telecommunications, healthcare, retail, insurance and e-commerce, with 

success measured by retention and profitability outcomes rather than prediction 

accuracy alone. 

 

Second, advanced techniques including reinforcement learning, federated learning, 

graph neural networks and generative AI should be evaluated for predictive 

performance and adaptive retention strategy, with federated approaches particularly 

relevant where customer data cannot be centralised. 

 

Third, real-time analytics, IoT-enabled monitoring, social media sentiment analysis and 

customer emotion recognition should be tested as supplementary inputs, with the data 

infrastructure each requires stated explicitly rather than assumed. 

 

Fourth, macroeconomic indicators, market uncertainty variables and competitive 

intelligence should be incorporated to capture the external factors influencing attrition 

behaviour. 

 

Fifth, explainable and ethical AI frameworks should be developed further to improve 

transparency, fairness and accountability, with managerial dashboards and visualisation 

tools reporting churn drivers and recommended actions rather than risk scores alone. 

Finally, longer-term work may develop integrated enterprise intelligence systems 

combining customer attrition analytics, workforce analytics, financial performance 

monitoring and operational intelligence into a comprehensive organisational 

sustainability framework. 
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