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Abstract: 

Customer churn is a significant challenge for businesses, particularly those with captive 

customer bases such as subscription services, utilities, and enterprise software providers. 

Traditional churn detection methods often rely on historical data and conventional analytics, 

which may not provide real-time insights. This paper explores an innovative approach using an 

AI-based nose, which mimics human sensory perception to detect early signs of dissatisfaction 

and disengagement in captive customers. The study integrates machine learning, natural 

language processing (NLP), and behavioral analytics to create a predictive model for identifying 

churn risks. We conducted extensive experiments with real-world datasets, demonstrating the 

model's effectiveness in improving retention strategies. The results indicate that AI-driven churn 

detection significantly enhances customer experience management and reduces attrition. 
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I. Introduction 

Customer churn, defined as the loss of customers or subscribers, is a critical issue in various 

industries, particularly for businesses relying on long-term customer engagement. Captive 

customers, such as those bound by contractual obligations or limited alternatives, may exhibit 

passive dissatisfaction before eventually disengaging [1]. Traditional churn detection models 

often rely on reactive approaches, analyzing past behaviors rather than predicting future attrition.  
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This reactive nature results in delayed interventions, increasing the risk of customer loss. 

Artificial intelligence (AI) offers a paradigm shift in churn prediction by enabling proactive 

monitoring of customer sentiment, engagement, and behavioral patterns. Inspired by the concept 

of an AI-based nose, this research employs sensory data interpretation techniques to detect early 

signs of dissatisfaction, much like how the human nose senses environmental changes. AI-driven 

models can analyze textual, vocal, and behavioral cues to uncover patterns indicative of potential 

churn. 

This study explores the intersection of AI, behavioral analytics, and machine learning to develop 

an effective churn prediction model. By leveraging advanced AI techniques, we aim to provide 

businesses with actionable insights to enhance customer retention. The AI-based nose concept 

extends beyond conventional churn detection methods by integrating multimodal data analysis, 

enabling a more comprehensive understanding of customer sentiments [2]. The primary 

challenge in churn prediction lies in the complexity of human decision-making and the subtle 

indicators of dissatisfaction. Traditional models may overlook critical factors such as sentiment 

fluctuations, changes in interaction patterns, and service dissatisfaction expressed in indirect 

ways. Our AI-based approach bridges this gap by incorporating NLP, deep learning, and 

predictive analytics. 

We conducted experiments on customer interaction datasets from various industries, applying AI 

models to detect early churn indicators. Our results demonstrate that AI-based churn prediction 

significantly improves early detection accuracy, allowing companies to intervene before 

customers formally disengage. The findings highlight the importance of real-time monitoring and 

AI-driven insights in minimizing churn rates. The structure of this paper includes an overview of 

related work in churn prediction, a detailed methodology for our AI-based model, an analysis of 

experimental results, and a discussion on the implications for businesses. Our conclusions 

emphasize the need for continuous AI-driven monitoring and the future directions of AI in 

customer retention strategies [3]. 

II. Related Work 
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Churn prediction has been widely studied in fields such as telecommunications, finance, and 

subscription-based services. Early methods relied on statistical techniques like logistic regression 

and decision trees to classify customers based on their likelihood of churning [4]. These 

approaches provided foundational insights but lacked the ability to process real-time data and 

complex behavioral signals. Machine learning has significantly advanced churn prediction by 

enabling models to learn from vast datasets and identify nuanced customer behaviors [5]. 

Researchers have explored various classification techniques, including support vector machines 

(SVMs), random forests, and neural networks, to enhance predictive accuracy. Deep learning 

approaches, particularly recurrent neural networks (RNNs) and transformer-based models, have 

further improved the ability to analyze sequential customer interactions. 

Sentiment analysis has also played a crucial role in churn prediction. Natural language 

processing techniques have been used to analyze customer feedback, social media posts, and 

support interactions to detect dissatisfaction. Studies have shown that changes in sentiment 

polarity can serve as early warning signals for potential churn [6]. However, most sentiment 

analysis models rely on explicit feedback, overlooking implicit cues in customer behavior. 

Another emerging area in churn prediction involves multimodal AI, which integrates different 

data sources such as voice tone analysis, facial recognition, and behavioral tracking. These 

approaches align with the concept of an AI-based nose, which detects subtle emotional and 

psychological indicators of disengagement. While multimodal AI has shown promise, its 

adoption remains limited due to computational complexity and data privacy concerns. 

Despite these advancements, challenges remain in accurately predicting churn in captive 

customers. Many existing models assume that customers will express their dissatisfaction 

openly, which is not always the case. Captive customers often exhibit indirect signs of 

disengagement, such as reduced interaction frequency or changes in transaction patterns. 

Addressing these limitations requires a more holistic AI-driven approach capable of real-time 

data processing and deep behavioral understanding. 

III. Methodology 
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Our AI-based nose model for detecting churn employs a hybrid approach, integrating machine 

learning, NLP, and behavioral analytics. The model is designed to analyze multiple data sources, 

including textual interactions, usage patterns, and sentiment shifts, to identify early churn 

indicators [7]. The first step involves data collection from various customer touchpoints, 

including call center logs, chat interactions, social media mentions, and transaction records. 

Preprocessing techniques such as tokenization, stopword removal, and sentiment scoring are 

applied to textual data to extract relevant features. Machine learning classifiers, including 

gradient boosting and deep learning models, are trained on historical churn data. Feature 

engineering plays a critical role in improving model performance, incorporating behavioral 

indicators such as login frequency, purchase history, and support ticket escalation. Anomaly 

detection techniques are also applied to identify deviations from normal customer behavior [8]. 

For sentiment analysis, we use transformer-based NLP models like BERT to detect subtle 

emotional changes in customer interactions. These models can recognize variations in tone, 

frustration levels, and dissatisfaction cues, contributing to early churn prediction. Real-time 

monitoring is a key component of our methodology [9]. By continuously analyzing customer 

interactions, our AI model generates alerts when high-risk churn indicators are detected. 

Businesses can then deploy targeted retention strategies, such as personalized offers or proactive 

support, to mitigate churn risks. 

IV. Experiment and Results 

To evaluate our AI-based churn detection model, we conducted experiments on customer 

datasets from telecommunications, banking, and SaaS industries. The datasets contained labeled 

churn events, allowing us to measure the model's predictive accuracy [10]. Our experiments 

involved training the AI model on historical data and testing its performance on new customer 

interactions. Metrics such as precision, recall, and F1-score were used to assess the effectiveness 

of churn prediction. The results demonstrated a significant improvement in early detection 

compared to traditional methods. 
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Figure 1 Drop in sentiment scores below the threshold indicates churn risk. 

In our telecommunications dataset, the AI-based nose achieved an 85% accuracy rate in 

identifying customers at risk of churn two months before disengagement. In the banking sector, 

sentiment analysis revealed that subtle dissatisfaction cues in customer support conversations 

correlated with future churn events [11]. The deep learning model outperformed traditional 

machine learning approaches, particularly in detecting implicit churn signals. Customers who 

exhibited reduced engagement but did not explicitly express dissatisfaction were accurately 

identified, allowing for timely interventions. 

V. Conclusion 

Our research demonstrates that AI-driven churn detection offers a powerful solution for 

identifying at-risk customers in captive markets. The AI-based nose model successfully 

integrates machine learning, NLP, and behavioral analytics to detect early signs of 

dissatisfaction. Experimental results confirm that this approach enhances retention strategies by 

enabling proactive customer engagement. Future research should focus on expanding multimodal 

AI techniques, incorporating voice and facial analysis to further refine churn prediction. 

Additionally, ethical considerations such as data privacy and bias mitigation must be addressed 

to ensure responsible AI implementation. By adopting AI-driven churn detection, businesses can 

gain a competitive advantage, improve customer satisfaction, and reduce attrition rates. The AI-
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based nose represents a novel approach that shifts churn management from a reactive to a 

proactive strategy, fostering long-term customer loyalty. 
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