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ABSTRACT/SYNPOSIS
The study aims to design and assess ML models on CLTV for insurance industries to improve marketing techniques, and decisions related with appropriate resource distribution. In the current insurance industry environment, it is highly essential to predict the long-term customer worth to support the right customer retention initiatives and decisions. Indeed, standard statistical methods applied to the linear model of insurance customer data could hardly capture the essential characteristics and dependencies of the data that are non-linear by nature.

The approach followed in the study includes data acquisition and preparation, feature selection, model building and model assessment. This paper deals with the identification of missing values, outliers and categorical variables and focuses on data pre-processing of an insurance customer records data set containing 89392 records that include customers’ demographic and policy details as well as financial data. Techniques for feature engineering introduce new parameters for the insurance market, like policy density and ratios of claims, that lead to a much more accurate model.

Hence, it was found that while Linear Regression works fine with reasonable accuracy (R² = 0.87), the Support Vector Regression presents some issues for this case (R² = 0.67), but the Random Forest is exceptional with R² = 1.00. Statistical evaluation discloses geography (log_city) as the variable that affects insurance CLTV to the utmost, indicating significant changes to territorial approach and customer segmentation tactics.

The following are the different impacts made by the research: First, it creates a strong data preprocessing platform, which is suitable for insurance data. Secondly, it supports the applicability and viability of ensemble methods for comprehending the non-linear patterns in customers’ behaviours. Third, it gives recommendations to the insurance marketing, especially on location-based segmentation.

Although Random Forest shows a nearly perfect accuracy in the present datasets, some methodological implications in terms of generalisation could be taken into consideration: the cross-validation analysis is very satisfactory. As for future work, a more refined analysis of geographic factors that may influence CLTV, incorporating a policy renewal model into this analysis, and studying multiple product usage by the same customer are the promising directions. Hence this research has advancing theoretical contribution to the field of insurance analytics and useful practical contribution to facilitating customer value in insurance.
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Chapter 1 
1.1 Introduction
The evolution of e-commerce has also shifted the consumer-interested business relationship, especially in matters concerning the marketing of products and services [1]. Customer Lifetime Value (CLTV) is another important focal area that business organizations use to increase customer interaction and maximize their income. CLTV stands for customer lifetime value for a particular customer where they can make the overall sales from that particular customer in future. Due to this, accurate prediction of CLTV is vital in enabling business to correctly market to their clients and keep them, hence, increasing their profitability [2].

This paper is based on the analysis of Customer Lifetime Value (CLTV) using supervised learning methods. Analysing the information, companies are able to divide clients into various categories according to their long-term profit potential and provide pertinent services to them. In this paper, the different ML models are formulated with a view of identifying the best approach to use in CLTV estimation.

The methodology of the research involves data collection process, data preparation, selection of features to be used in the model, actual implementation of the model and testing on different customers. This information seeks to include demographic data and policy information of the customers, their financial characteristics, and other previous transactions. It will present the contribution of the research that will be useful to improve the personalization techniques in the e-commerce and insurance context.

This chapter consists of the background of the study, problem statement, purpose of the study, the objectives of the study, and the organization of the research. This forms the background to appreciation of the need to predict the CLTV and the approaches used in the achievement of the research objectives.
1.2  Research problem statement

In today’s competitive e-commerce landscape, customer retention is as crucial as acquisition. Many businesses focus on acquiring new customers but struggle to retain high-value customers who contribute significantly to long-term revenue. Without a well-defined strategy to predict and enhance CLTV, businesses risk misallocating marketing resources, leading to increased customer churn and reduced profitability.

Existing research highlights that machine learning techniques can improve CLTV prediction accuracy. Studies such as [3] emphasise the importance of feature selection and model optimisation for accurate CLTV predictions. However, challenges persist in selecting the most effective predictive models, addressing data inconsistencies, and ensuring model interpretability for informed business decision-making.

Furthermore, most businesses segment customers based solely on their past purchase history, which limits the accuracy of CLTV estimation. A more sophisticated approach that incorporates demographics, policy choices, claim history, and interaction data can lead to more precise segmentation and better-targeted marketing efforts.

This study aims to address these challenges by exploring machine learning techniques to predict Customer Lifetime Value (CLTV), enabling businesses to optimise their personalised services, marketing strategies, and resource allocation more effectively.
1.3 Aim
To develop and evaluate machine learning models for predicting Customer Lifetime Value (CLTV) to enhance personalised e-commerce strategies.

This study will utilise various machine learning algorithms to predict Customer Lifetime Value (CLTV) based on customer and policy-related data. The findings will enable businesses to segment customers effectively, optimise marketing investments, and enhance customer retention strategies.
1.4 Objectives

To achieve the research aim, the following objectives are outlined:

· To conduct a comprehensive literature review on CLTV prediction models and machine learning techniques used in the e-commerce and insurance sectors.

· To pre-process and analyse the dataset by handling missing values, feature selection, and data normalization to enhance model accuracy.

· To implement machine learning models, including linear regression, SVR, and Random Forest, for CLTV prediction.

· To evaluate model performance using key metrics such as RMSE, MAE, and R² to determine the most effective prediction approach.

· To provide strategic recommendations based on the research findings to improve personalised marketing and customer segmentation strategies.
1.5 Structure Of The Project

This research project is systematically structured into nine chapters to ensure a logical flow of information and a comprehensive exploration of the chosen topic.

Chapter one introduces the study by providing background information on the research problem. It outlines the significance of the study, the research aim, objectives, and the problem statement, establishing a foundation for the entire research.

Chapter two focuses on the literature review, analyzing previous studies related to Customer Lifetime Value (CLTV) prediction using machine learning. It discusses key concepts, existing methodologies, and relevant case studies. This chapter also elaborates on the correct usage of tables, figures, and quotations to support arguments and findings effectively.

Chapter three explains the research methodology adopted for the study. It covers the research philosophy, approach, strategies, and choices. It further elaborates on data collection techniques, time horizons, and the methods used for processing, analysing, and evaluating machine learning models for CLTV prediction.

Chapter four discusses the design and implementation phase, detailing the problem formulation, model selection, and data pre-processing steps. It also describes the tools, frameworks, and algorithms applied in building and optimizing the predictive models.

Chapter five is dedicated to testing and evaluation, where the developed models are assessed based on performance metrics such as RMSE, MAE, and R². The effectiveness of CLTV predictions is analysed, and a comparison of different machine-learning approaches is presented.

Chapter six provides conclusions and recommendations based on the findings. It summarizes key insights and offers suggestions for further improvement and future research directions.

Chapter seven presents reflections on the research process, discussing challenges faced and the learning outcomes derived from the study.

Chapter eight includes a comprehensive list of references, ensuring proper citation of all academic sources used throughout the research.

Chapter nine provides an optional bibliography, listing additional resources that may contribute to further understanding of the research topic.
 Chapter 2 - RESEARCH & REVIEW OF LITERATURE
2.1  Introduction
As stated by [18], CLTV is arguably the most vital business model in the current business tactics with emphasis on e-business, retailing, and subscription-base businesses. By so doing it makes it easier for businesses to judge the value of customers over the long run and align their marketing investment accordingly. As stated in the McKinsey report, the CLTV estimate is critical for the enhancement of customer retention, organisation of more profitable initiatives, and better customer targeting strategies [19]. In early versions of CLTV models, the historical transactions’ data were used, but with the enhancements in AI and ML, the preciseness has increased.
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Source: [19]
This chapter provides a critical review of the existing literature on CLTV prediction, comparing traditional statistical methods with modern machine learning techniques. The chapter examines the effectiveness of these models, the challenges encountered in CLTV estimation, and the strategic advantages businesses derive from predictive analytics. Additionally, it examines how different industries have implemented CLTV models and highlights the latest research developments in this domain.

A well-structured literature review is essential for establishing a strong theoretical foundation. This review draws from peer-reviewed journal articles, conference papers, and industry reports to provide a comprehensive understanding of CLTV prediction models. The objective is to critically evaluate various approaches, identify key research gaps, and lay the groundwork for the proposed research methodology.

2.2 Evolution of Customer Lifetime Value

2.2.1 Early Concepts and Development

Customer Lifetime Value is a relatively new concept which originated in the marketing and economics domain; it was used to determine the long term potential of consumers to a business organization [20]. Earlier research was mostly centered on predicting revenues and developing customer loyalty management while underlining the need for analysing suitability in the course of time. In one earlier research on CLTV, [21] proposed that the CLTV is the NPV of the all future value of customer cash flows over the duration of the relationship with the firm. This framework gave a basic insight into the pattern however did not define the imminent behavior of the customers.

Subsequently, more distinctions were proposed by [22] entailing further differentiation between temporary patrons and loyal clients. They pointed out that customers who frequently patronise the business are not necessarily the most profitable clients. Thus, instead of dividing the customers by the frequency of purchasing companies were able to distinguish target consumers based on profitability.
2.2.2 Traditional CLTV Models

Customer Lifetime Value (CLV) prediction methodologies have evolved significantly from traditional statistical approaches to advanced machine learning techniques. The literature reveals distinct methodological frameworks with varying effectiveness in predicting customer behavior and value.

Traditional CLTV models primarily relied on Recency-Frequency-Monetary (RFM) analysis, which segments customers based on their transaction recency, frequency, and monetary value [23]. While RFM provides a straightforward framework for customer segmentation, [24] note its limitations in excluding demographic factors and relying exclusively on historical transaction data, suggesting "it may not reliably predict future customer behaviors." ARIMA (Autoregressive Integrated Moving Average) models have demonstrated effectiveness in forecasting customer behavior in time series. [23] demonstrated that ARIMA models achieved an acceptable Mean Absolute Percentage Error (MAPE) of 10.3% in CLV prediction for textile industry applications. However, their comparative analysis revealed that Artificial Neural Networks (ANNs) outperformed ARIMA with lower error rates (MAPE of 10.3% for ANN versus 11.6% for ARIMA).

More recent approaches leverage supervised machine learning techniques. [24] evaluated various algorithms, including RandomForest, AdaBoost, ExtraTrees, LGBM, and XGBoost, with the XGBClassifier emerging as the most effective model, achieving 92.40% accuracy, 92.27% precision, and 92.40% recall. This represents a significant improvement over traditional methods.
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[Source: [24]]
For customer churn prediction, [25] introduced an innovative approach drawing analogies with reliability and maintenance engineering. This method quantitatively evaluates customer-specific retention investments by modeling "reliability" as the probability of customer retention over time. Their study found that clustering methods like K-means with optimal K values significantly improved prediction accuracy, particularly when combined with feature selection techniques.
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The integration of temporal analysis with machine learning algorithms has emerged as particularly effective for CLV prediction. By examining customer behavior over designated periods (typically six months), these models capture short-term spending patterns and seasonal variations that influence customer value and the probability of churn (Rajeshwari et al., 2024).
2.3 Machine Learning Approaches in CLTV Prediction

2.3.1 Supervised Learning Techniques

The application of Machine learning has been consequently greatly beneficial to the Customer Lifetime Value predication where large amounts of data and implicit relationships can be easily analysed and understood while conventional statistic models fail to do so. Supervised learning models have become popular in estimating CLTV since they afford high accuracy in several sectors.

Linear Regression as one of the most basic methods of CLT V modeling creates linear relationships between customers’ characteristic and CLTV. But, as it has been seen in the [26] for the mortgage behavioral study, even the linear regression had the accuracy of only 84.79% as compared to the other sophisticated models. This is due to the fact that linear regression model fails to account for complexity factors such as relationship between customer engagement rates, and other demographic factors, as well as purchasing habits and trends.

Several of these limitations are effectively handled by the Support Vector Regression (SVR) by use of non-linear kernel functions. [27] adopted SVR in their comparative study of telecom churn predictive models and while achieving better results than the linear model with the accuracy of 78%, it is still outperformed by ensemble models. The high computations required by SVR and its sensitivity to the hyperparameters increases its drawbacks and makes it less feasible for large customer datasets application.
A variety of decision tree based ensemble emerges as pivotal to predict the CLTV with an immense success across various fields and domains. Concerning the Random Forest models, which yields forecast from multiple decision trees, the accuracy of prediction of the probabilities of mortgage redemption was 94.76% according to [26]. This is because compared to traditional models, such methods are better able to model non-linear relationships and feature interactions without having to transform the data.

Of all the Machine Learning techniques, the Gradient Boosting Machines (GBM) have been deemed particularly effective in the prediction of CLTV. In their telecom churn prediction study, [27] noted that the accuracy of classification achieved with the help of GBM was the highest, amounted to 81%, and the PR-score of 0.86 was also the highest among all the algorithms tested. The authors pointed out that through the application of error-minimisation iteration that was used by GBM, fine details of the interaction between the various contracts types, the service utilisation and the fare prices that affected customer’s retention were well identified.
The technique that has been established by [28] is known as an ‘embedding-based scheme’ and is an improvement over the previously suggested CLTV prediction models for e-commerce. This method of grouping the customers based on their browsing activities provided features that could not be derived from just analysing their transactions exclusively. Their model was in the middle, and the Spearman rank correlation between the predicted CLTV and the actual was 0.46; this points out how deep learning is capable of capturing the underlying patterns.

The improvement of supervised learning over the last years brought CLTV from a simple retrospective measure to a tool for future-oriented decision making in sectors like telecommunications or mortgage lending and e-commerce.
2.3.2 Deep Learning for CLTV Forecasting

Deep learning has introduced various neural network structures into the predictive model of CLTV where otherwise it is not possible to estimate it accurately due to many non-linear interactions between different customer attributes [29]. They have been introduced as powerful techniques for modelling temporal dependencies in the sequences of customer behavior, such as Recurrent Neural Networks (RNNs) and Long Short Term Memory (LSTM) networks.

The fact that both RNNs and LSTMs are sequential makes them ideal for mapping customers through their purchasing journey over time [30]. In contrast to other models that serve to model transactions as isolated occurrences, these architectures have an intrinsic state variable which results from the interaction with the customer. This capability enables them to capture modulations in terms of purchases per some periods or to various marketing stimuli and engagement metrics that can be unrecognizable otherwise.

[31] has also compared the LSTM networks for CLTV prediction in e-commerce and showed the existence of 20% improvement in its accuracy over the traditional regression models. They were able to incorporate seasonality into the specification, and identify trends of churn that old approaches could not pick. In the same way, using the deep neural network from [32], accuracy of 71% was obtained as a result in predicting the retail CLTV, which was higher than other methods of ensembling and regression.

However, there are still main challenges in implementing deep learning models . They typically require large training datasets to generalize effectively and avoid overfitting. The computational resources needed for training complex neural architectures may be prohibitive for smaller businesses. Additionally, these models often function as "black boxes," making it difficult to interpret which factors drive their predictions – a significant limitation when business stakeholders require explainable insights.

Recent innovations like OptDist have begun addressing these challenges by combining the representational power of deep learning with more interpretable distribution-based approaches [31]. Such hybrid models represent a promising direction for future CLTV prediction systems that strike a balance between predictive accuracy and practical business requirements.
	Author(s)
	Year
	Primary Models
	Key Strengths
	Key Weaknesses

	Rajeshwari et al.
	2024
	RandomForest, AdaBoost, ExtraTrees, LGBM, XGBoost with RFM segmentation
	High accuracy (92.40%), Strong precision (92.27%), Effective integration of RFM with ML, Strong performance in retail sector
	Limited demographic data incorporation, Relies heavily on transaction history, May not capture long-term behavioral shifts

	Ehsanifar et al.
	2022
	Artificial Neural Networks, ARIMA models
	Comparative analysis of statistical vs. ML methods, Industry-specific application (textile), Temporal predictions with time-series approaches
	MAPE error rates remain relatively high (10.3%), Complex implementation requirements, Limited feature engineering

	Srigopal
	2018
	Reliability-based modeling, K-means clustering
	Novel approach from engineering principles, Clear ROI quantification for retention efforts, focus on practical business application
	Limited predictive accuracy metrics, Domain-specific to insurance, Requires significant domain expertise

	Alrawi & Ajlouni
	2022
	K-means clustering with Decision Trees and Random Forests
	Effective customer segmentation, Simplified implementation, Clear visualisation of segments
	Limited to segment prediction rather than value prediction, Basic feature engineering, Minimal handling of temporal dynamics

	Chamberlain et al.
	(2017).
	Neural Embeddings with Random Forest
	Innovative use of browsing data embeddings, Captures latent behavioral patterns, Effective for e-commerce applications.
	Complex implementation, Requires extensive web/app data, High computational requirements.

	Nica et al.
	2021
	XGBoost, LightGBM, Random Forest, Extreme Gradient
	High accuracy (95%+ for top models), Financial sector application, Robust comparison across algorithms
	Domain-specific features, Limited transferability to other industries, Minimal feature interaction analysis

	Poudel et al.
	2024
	Gradient Boosting Machines (GBM) with SHAP
	Strong interpretability, Balanced accuracy (81%), Effective feature importance visualisation
	Moderate recall (55%), Telecommunications-specific features, Complex hyperparameter tuning requirements

	Vanderveld et al.
	2016
	Two-stage Random Forest
	Engagement metrics beyond transactions, Operational implementation at scale, Clear business impact metrics
	Requires extensive user interaction data, E-commerce specific features, Complex feature engineering

	Arefin et al.
	2024
	RandomForest, AdaBoost, ExtraTrees, LGBM, XGBoost with RFM
	Comprehensive retail application, Temporal analysis integration, Strong visualization techniques
	Similar limitations to Rajeshwari's work, UK-specific retail focus, Limited demographic feature incorporation

	Weng et al.
	2024
	OptDist (Distribution Learning + Selection modules)
	Advanced handling of complex value distributions, Proven ROI in marketing campaigns, Adaptive sub-distribution selection
	Highest implementation complexity, Substantial computational requirements, Requires large datasets for effective training

	Kumaran
	2024
	DNN, BG/NBD, Gamma-Gamma, Linear Regression, Random Forest, Gradient Boosting
	Comprehensive comparison of probabilistic & ML methods, Strong performance of DNN (71% accuracy), Integration with customer segmentation
	Limited explanation of DNN architecture, Some models show high error rates, Challenge in explaining model decisions.


Table 1 Summary of Literature
2.4 Challenges in CLTV Prediction

Despite advancements in machine learning, several challenges remain in CLTV estimation.

Data quality issues represent a significant obstacle to accurate prediction. Real-world customer data often suffers from missing values, inconsistent formats, and outliers that can significantly skew predictions. [33] According to their retail analytics study, approximately 26.97% of their sample contained missing values, requiring careful pre-processing. Additionally, customer data typically exists in siloed systems across organisations, creating integration challenges that impede comprehensive analysis.

The "black box" nature of advanced models creates friction in business environments where stakeholders require clear justification for customer investment decisions. While complex models, such as neural networks and gradient boosting machines, often deliver superior predictive performance, they frequently lack transparency in how they arrive at their predictions. The SHAP (SHapley Additive exPlanations) approach, as used by [34], represents a promising direction for enhancing interpretability, allowing for the visualisation of feature importance and interaction effects while maintaining predictive power.

As businesses generate vast amounts of customer data, scalability becomes a key concern. Machine learning models must be able to handle real-time data streams while maintaining accuracy [35]. Cloud computing platforms, such as AWS SageMaker, Google Vertex AI, and Microsoft Azure ML, are being utilised to scale CLTV prediction models efficiently [36]. The OptDist framework addresses these challenges by implementing a divide-and-conquer architecture where multiple sub-networks handle different customer segments, enabling parallel processing. Similarly, [37] developed their engagement-based CLTV system to process daily updates for millions of Groupon customers with minimal latency, demonstrating that properly designed models can deliver both accuracy and computational efficiency at scale.
2.5 Competitor Strategies in CLTV Prediction

Leading technology companies have pioneered innovative approaches to CLTV prediction, integrating sophisticated machine learning models into their core business operations to drive customer retention and maximise revenue. These implementations offer valuable insights into practical applications of CLTV modeling at scale.

The existing CLTV prediction model is one of the most enhanced by Amazon as the company uses vast customer data to offer personalised experiences [38]. They used RFM with a very deep behavioral segmentation that also includes patterns in the way the pre-defined RFM coefficient describes browsing intensity, product engagement, and response to promotional campaigns. This multi-dimensional technique of slicing actually helps Amazon to create mini- segments of the customers and to devise highly effective attrition management techniques [39]. The respected segments might be offered better shipping conditions, deliveries of new goods before they are released to the rest of the consumers, individual discounts that are adjusted depending on the segment’s activity level, and other perks that encourage repeated usage of the platform.

The second real-life example of CLTV prediction is Netflix, which is one of the most prominent examples with the focus on content consumption as one of the main sources of the customer value [40]. It employs other machine learning techniques that help in developing a recommendation based not only on the video-watching pattern but also on other view patterns like pausing, timings, and completeness rates. Hence, through personalisation based on LTV in contrast to short-term metrics, Netflix has earned the best subscription stickiness in this industry [41]. It puts forth how the CLTV can be used to make content acquisition and production decisions with programming outlay aimed at buying and in the creation of quality content that is relevant and popular to this segment.
Smart Bidding, which is a component of Google Ads, has revolutionised digital advertising through its adoption of CLTV prediction for the sake of enhancing campaign outcomes [42]. Their system takes into account the behavior of consumers over the time of their interaction with each other and defines the moments when the probability of high LTV is observed. This allows an advertiser to increase the bid for valuable users who would likely produce recurrent earnings in the future, even if the conversion rate in the near future is low. This is about value-based optimisation instead of concentrating on cost per acquisition; this means that Google ensures that the amount paid by the advertiser matches the actual value a business will get.

All these industry leaders have some similar aspects: they use multiple sources of data from the customer interactions, build the architectures of the machine learning models unique for the business, and validate these models using the real customer data.
2.6 Conclusion

This chapter has provided a comprehensive discussion on the CLV prediction methods, including its historical perspective starting from the statistical analysis and culminating in the modern machine learning approaches. The literature review identified that such simple forms of analysis as RFM analysis and Pareto/NBD models served as the basis for CLTV calculations, but their application in the insurance industry where customers’ behaviors are rather non-linear was problematic. Some of the latest methods, like the Random Forest and gradient boosting, were seen to perform very well when used in aspects like pattern recognition since they provided an understanding of customer information without provoking strict customer distribution assumptions.

It also showed you the several industrial applications of this concept, which explain how CLTV prediction frameworks have been used in the retail business, telecommunication business, banking business and insurance business. In particular, within the insurance domains, there was an increasing appreciation of both geographical and demographic indices as highly significant factors that had to be considered, although the origin of these factors’ significance differed from one investigation to another. The review also revealed limitations in the literature about feature engineering strategies tailored for insurance data and studies addressing comparisons of performances of the algorithm on the same set of data.

These insights were applied in the development of prospective research methodology recognised in the subsequent chapter, including the selection of matching algorithms, the concept of feature engineering, as well as a broad range of evaluation measures aimed at filling in the gaps in the current body of knowledge. These two points of starting establish that the research adds further to the knowledge base and addresses the prediction of CLTV in the context of insurance individually.
Chapter 3 - RESEARCH METHODOLOGY
2.2 Introduction
This chapter seeks to describe the research methods employed in establishing the model of Customer Lifetime Value (CLTV) and the strategies for the e-commerce insurance industry. It makes a systematic approach to fulfilling the research objectives by making use of data scientific techniques, learning methods, and statistics. The purpose of this work is to build a model which can be explained and is as accurate as possible to divide the customers for better targeting and adjusting the services provided by businesses.

The chapter aims at highlighting a brief description of the research, its process, philosophy and the methodologies involved. It also elaborates on the approach, strategy, choice and time frame regarding the study to be conducted. The technique and procedure section outlines the means of extracting data, preprocessing the data, designing the model or developing the algorithm, the criterion of evaluation, and the methods of interpreting the results. This clearly defined approach to the study serves to enhance the reliability and validity of such collected research data, thus supporting decision making.
2.3  Research Overview
This research is centered on the predictive modeling of CLTV using machine learning algorithms [4]. Customer Lifetime Value is a critical metric for businesses as it helps in understanding the long-term profitability of customers. Predicting CLTV accurately enables businesses to allocate resources efficiently, tailor marketing efforts, and enhance customer retention strategies. The study leverages historical customer data, including demographic details, financial attributes, and policy-related information, to build predictive models that estimate CLTV based on past behaviors and interactions.

The research employs a data-driven approach, ensuring that insights are derived from real-world patterns rather than subjective interpretations [5]. The study follows a structured process that involves data collection, preprocessing, feature selection, model development, evaluation, and interpretation. By utilising machine learning techniques, the study aims to enhance the accuracy and efficiency of CLTV predictions, providing actionable insights that support e-commerce personalisation strategies.
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Figure 2 Research Overview
2.3.1 Research Process
The research process follows a structured approach to ensure the accuracy and reliability of the findings. The first step involves a comprehensive literature review to understand existing CLTV prediction models and machine learning techniques used in the insurance sector [6]. This review provides a theoretical foundation for selecting appropriate methodologies and evaluating their effectiveness.

Following the literature review, data collection is conducted using a structured dataset that includes customer demographics, policy details, financial attributes, and past interactions. The data is then pre-processed to handle missing values, outliers, and inconsistencies, ensuring its quality and usability [7].

Feature selection plays a crucial role in identifying the most influential factors affecting CLTV [8]. Machine learning algorithms are then implemented, trained, and optimised to enhance predictive accuracy. The study evaluates various models, including Linear Regression, Random Forest, and SVR, to determine the most suitable approach.

Model performance is assessed using evaluation metrics such as Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R² [43]. Once an optimal model is identified, its predictions are analysed, and customer segmentation strategies are formulated. Finally, the research provides recommendations based on the findings to enhance customer retention and optimise marketing strategies.
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Figure 3: Research Process
2.3.2 Research Philosophy
The study employs a positivist research philosophy as it is based on empirical data, quantitative analysis, and the application of the relevant machine learning method [9]. Positivism owes its base on the fact that knowledge should be got through facts that can be counted as opposed to those that can be explained from different aspects. As this study focuses on the analysis of numerical data, the prediction, and the evaluation of the models, the positivist paradigm fits the utilization of this kind of logic to achieve high reliability and reproducibility of the results.

This way, the study adopted by the researchers guarantees that it has indicators that are accurate, dependable, and universally applicable. The use of the algorithm in this study can be considered as following the positivist epistemology because the machine learning models use the input data and analyze the results to come up with the right output. Hence, it does not allow the influence of the researcher’s bias and is purely analytical, making it credible.    
2.3.3 Research Methodologies
This research uses a quantitative approach due to the fact that it involves numerical data as well as statistical and modeling analysis [10]. Quantitative research is suitable for this investigation because the study focuses on the customers’ attributes, financial transactions, and policy information that relates to the CLTV.

The methodology used in the research is constructively aimed at developing a predictive model based on machine learning. In CLTV calculation, structured data is analyzed, important patterns are summarized, and then the value is approximated using computational algorithms. These approaches are not applicable in the study, for it only employs quantitative data and quantitative means, such as numerical values and statistical mathematics.
3.2.4
PHILOSOPHIES

The study is grounded in positivism and empiricism, as it emphasises scientific methods, data analysis, and statistical validation [11]. Positivism ensures that the research is based on objective observations, while empiricism reinforces the idea that knowledge should be derived from real-world data rather than subjective opinions.

By employing these philosophies, the study ensures that its findings are grounded in empirical evidence, enabling businesses to make informed, data-driven decisions. The reliance on machine learning models further aligns with these philosophies, as these techniques extract insights from structured datasets and provide measurable outcomes.
3.2.5
APPROACH

The study uses a deductive research approach, which involves the use of research theories and applying them to the data collected [12]. This approach involves coming up with some hypotheses from the existing literature, developing some research questions, collecting real data and using the results from the analysis to come up with conclusions.

This approach is relevant for the conduct of the research as it assists in the use of theoretical concepts in real-life situations. The hypotheses concerning the identification of CLTV determinants, the model’s performance, and customers’ segmentation are relevant to the research and confirm the existence of new knowledge among researchers.
3.2.6
STRATEGIES

The research proposed a structured data approach to data mining and machine learning with statistical analysis in order to estimate the CLTV. It involves the examination of past customer behavior, some key factors that could affect future behavior, and then it creates a model to predict the likely behaviors of the customers.

Moreover, the comparative strategy is also applied for the purpose of comparing one machine learning model with another. When it comes to CLTV prediction, the present paper establishes the Linear Regression, DSVR and Random Forest models to evaluate the performances and identify the most accurate and interpretable algorithm [13].

The case study strategy is also used in the study because the research specifically targets one dataset collected from the insurance industry. As the study is based on real customer data analysis, the results can be regarded as the result of real-world usage of the provided approach, and the information that the study brings can be applied by businesses in e-commerce personalisation.  

3.2.7 CHOICES

The research purposely employs only one method of data collection, mainly quantitative data and analysis, relying solely on quantitative rather than qualitative models and methodologies. This methodological decision meets the main goals of creating and assessing the models based on machine learning for estimating CLTV in insurance environments. The very nature of the research question—deciding which of the algorithms would better predict the customer value—would require objective measures as opposed to interpretation. Thus, the use of this approach will help in coming up with common results that can be used to compare various prediction techniques.

The quantitative approach offers quite a number of benefits for this specific study. First, it makes it possible to perform strict statistical testing by using such indicators as R², RMSE, and MAE to compare the results given by various models. Secondly, it enhances the organised condition of insurance data with the use of mathematical and statistical processes like IQR for detecting the outliers and feature scaling. Third, it enables the use of algorithms whose possibilities for detecting certain patterns exceed human abilities, which are crucial due to non-linearity in the insurance customers’ behavior.
3.2.8
TIME HORIZONS

The research again uses a cross-sectional time horizon, meaning it gathers vast information about insurance customers at a single time point rather than observing development over time [15]. This approach draws patterns of each cluster at once, which can provide a more elaborate view of the relationships based on customer value propositions. A cross-sectional approach is suitable for the overall research design when the goal is to conduct a predictive analysis that is safe using insurance CLTV: Cross-sectional analysis does not call for an examination of changes in customer behavior over time, but rather, patterns consistent across the board.

 This time horizon seems most suitable for insurance CLTV studies. Because of the long duration of insurance relations, often they last for many years, the longitudinal analysis turns into a highly time-consuming task for establishing initial models. The cross-sectional point of view is particularly more useful in providing findings that do not require long periods of data collection. Also, it includes a variety of customer cases at a time while making data preparation, so the algorithm gets a set of examples of the customer’s position at different stages of customer relations. Such a diversity improves the model’s generalisability across different customer segments.

The implementation causes time variables to be taken into consideration in the cross-sectional approach. As mentioned before, the “vintage” feature (customer tenure) contains historical information, while derived features such as policy density (policies per year) are designed to mitigate time-aggregation artifacts. Such choices enable the cross-sectional strategy to take some temporal aspects of the pupils’ performances without following them over time. Thus, the derived models offer significant managerial implications for today's business decision-making and lay the ground for the method that could be further developed for studying extended periods of the time series data in future investigations as more data emerges.
3.2.9
TECHNIQUES AND PROCEDURES

The research methodology involves a series of techniques and procedures that ensure the accuracy and reliability of CLTV predictions. The data collection process involves obtaining structured datasets that include customer demographics, policy details, financial attributes, and past interactions [16]. 
The data pre-processing phase includes handling missing values, normalising numerical variables, encoding categorical data, and removing outliers [17]. These steps ensure that the dataset is clean and suitable for machine learning modeling.

Feature selection techniques are applied to identify the most significant factors affecting CLTV. The study then implements machine learning models such as Linear Regression, Random Forest, and Gradient Boosting. Model performance is evaluated using RMSE, MAE, and R² to ensure predictive accuracy.

To enhance model interpretability, techniques such as SHAP values and feature importance analysis are applied. These methods ensure that business stakeholders can understand and trust the predictions made by the model.
2.4 Conclusion

The chapter explained the research approach used in the study to model CLTV using the machine learning algorithm. It described a detailed approach that involved data acquisition, preparatory work, building the model, assessment, and final analysis of results. This research adheres to all principles of positivism and, thus, uses the quantitative method of data collection and analysis so that the results can be grounded on facts as opposed to one’s opinion.

The research undertakes a deductive analysis where theory is used for analysis of data collected from the real world to come up with a model that is easy to understand as well as offering good predictive ability. In the case of the present study, the evaluated models include Linear Regression, Random Forest and SVR measured by RMSE, MAE and R².

The method of data collection explored in the chapter included the research strategy, choices and time horizons, as well, where it mentioned that a mono-method quantitative approach and a cross-sectional study design was employed. In addition to this, all the steps that were employed in data cleaning, feature extraction, model building and selection and interpretability techniques were also delineated.

As stated in this research, this work adopted the appropriate research methodology that made the result accurate, reliable and generalisable. The subsequent chapter shall unveil the design and approaches that were used in conducting the research.
Chapter 4 - DESIGN & IMPLEMENTATION
4.1 Introduction

This chapter outlines a design and an implementation process for determining CLTV in an e-commerce environment. Based on the theoretical background and literature review presented in the previous chapters of this thesis, this section provides a basis for constructing the CLTV prediction from the raw customer data. It executes a clean linear model pipeline to pre-process the data, engineer the features, develop the model and assess its performance.

The growing importance of customer retention in e-commerce necessitates the development of effective CLTV prediction methods. As stated in the literature review section, the machine learning approaches are superior to the statistical models in terms of predictive accuracy. It describes how these techniques were utilised to enhance the CLTV prediction system that would help businesses use available resources optimally for their marketing goals.
4.2 Problem formulation
The model development strategy employed a systematic approach, beginning with stratified train-test splitting in an 80-20 ratio to maintain representative data distribution across subsets. Feature scaling was implemented using StandardScaler to normalise distributions and prevent magnitude-based bias in algorithms [44]. Three complementary models were selected to provide comprehensive analytical coverage: Linear Regression established an interpretable baseline, Random Forest captured non-linear patterns while offering insights into feature importance, and Support Vector Regression addressed complex relationships through kernel methods [45]. The implementation included 5-fold cross-validation to ensure model generalizability beyond the test set. This methodical approach followed established best practices for predictive modeling, specifically utilising ensemble methods to enhance prediction accuracy.
4.2.2 Solution Approach

To address these challenges, a systematic machine learning pipeline was developed, as illustrated in Figure 3.
[image: image6.png]Data collection Pre-processing

(Kaggle) pipeline Feature Engineering

Results and . Model
. P Model Evaluation
Visualisation Development

-
——"





Figure 3 CLTV Prediction System Architecture
The solution employs a sequential process flow, starting with data collection and culminating in model evaluation and visualisation [46]. This architecture enables the systematic transformation of raw customer data into accurate CLTV predictions.

4.2.3 Tools and Technologies

The implementation utilised the following tools and technologies, selected based on their suitability for machine learning tasks and data analysis:
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Figure 4 General libraries
[Source: Created by own]

As suggested by [47], Python 3.8 was chosen as the primary programming language for this research due to its comprehensive ecosystem of machine learning libraries and robust data analysis capabilities. The implementation was developed within Jupyter Notebook, which provided an interactive environment that facilitated iterative development, documentation, and result visualisation. Several key libraries were utilised throughout the project: Pandas 1.3.0 handled data manipulation and pre-processing tasks; NumPy 1.20.1 supported efficient numerical computations; Scikit-learn 0.24.2 provided the implementation framework for various machine learning algorithms including Linear Regression, Random Forest, and SVR; Matplotlib 3.4.2 and Seaborn 0.11.1 enabled the creation of informative visualisations to analyse data distributions and model performance; and SciPy 1.7.0 contributed statistical analysis capabilities to support data exploration and model evaluation [48].
Machine Learning Algorithms:
Three complementary machine learning algorithms were selected to address the challenge of predicting CLTV, as shown in Figure 5. Linear Regression served as the baseline model, offering straightforward interpretability of feature coefficients and providing a foundation for comparing more complex approaches [49]. Random Forest was implemented to capture non-linear relationships in the data, leveraging its ensemble methodology to model intricate patterns between customer attributes and lifetime value. Support Vector Regression (SVR) was included for its ability to handle complex patterns through kernel transformations, particularly in scenarios where relationships between variables might follow non-standard distributions. This selection of algorithms was deliberately chosen based on their established effectiveness in similar machine learning applications, comprehensive documentation supporting implementation, and direct alignment with the research objectives of balancing predictive accuracy with model interpretability and generalizability.
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Figure 5 Machine Learning Algorithms
4.3 Design
4.3.1 Data Preprocessing Design

The data preprocessing phase was designed to address common challenges in customer data, including missing values, outliers, and inconsistent formats. As highlighted by [50] in the literature review, data quality has a significant impact on CLTV prediction accuracy. Figure 6 illustrates the pre-processing workflow.
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Figure 6 Data Pre-processing Components
The data pre-processing pipeline began with a thorough inspection of the data structure, types, and quality to understand the characteristics of the dataset. The comprehensive handling of missing values followed this, implementing statistical imputation for numerical features and frequency-based approaches for categorical variables [51]. Outlier detection and treatment utilised the Interquartile Range (IQR) method with customisable thresholds to accommodate varying sensitivity requirements. Data type conversion ensured all features were appropriately formatted, while initial feature selection filtered variables based on domain knowledge to focus on the most relevant predictors.
The pre-processing design incorporates strategies recommended by [52], who emphasised the importance of data cleaning for accurate customer segmentation and valuation.

4.3.2 Feature Engineering Design

Feature engineering was designed to extract meaningful patterns from the pre-processed data. This phase was informed by [53], who demonstrated that derived features often have higher predictive power than raw features in CLTV modelling.
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Figure 7 Key Feature Engineering Components
[Source: [53]]
The feature engineering approach focused on creating informative derivatives from existing variables to enhance model performance. This included developing meaningful business ratios, such as the claim ratio (claim amount/income), to capture relative financial metrics, generating interaction terms to model relationships between variables, and creating polynomial features through squared terms for key numerical predictors. Logarithmic transformations were applied to highly skewed features to normalise distributions, while categorical variables underwent one-hot encoding to create binary indicator columns. This comprehensive strategy balanced statistical significance with business interpretability, ensuring the engineered features would not only improve model accuracy but also provide actionable insights, following best practices identified in the literature review.
4.3.3 Model Development Design

The model development phase was designed to compare multiple algorithms with different strengths, as suggested by [54], who advocated for ensemble approaches in CLTV prediction.
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Figure 8 Model Development Strategy
[Source: [54]]
The model development strategy employed a systematic approach, beginning with stratified train-test splitting in an 80-20 ratio to maintain representative data distribution across subsets as shown in Figure 8[55]. Feature scaling was implemented using StandardScaler to normalise distributions and prevent magnitude-based bias in algorithms. Three complementary models were selected to provide comprehensive analytical coverage: Linear Regression established an interpretable baseline, Random Forest captured non-linear patterns while offering insights into feature importance, and Support Vector Regression addressed complex relationships through kernel methods. The implementation included 5-fold cross-validation to ensure model generalizability beyond the test set [56]. This methodical approach followed established best practices for predictive modeling, specifically utilising ensemble methods to enhance prediction accuracy.
4.3.4 Evaluation Design

The evaluation framework was designed to comprehensively assess model performance, addressing both statistical accuracy and business applicability. Following recommendations by [57], multiple evaluation metrics were incorporated.

Evaluation Components:
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Figure 9 Evaluation Components
[Source: [57]]
The evaluation design enables both technical assessment and business interpretation of results, aligning with the research objectives.
4.4 Implementation
4.4.1 Data Pre-processing Implementation

The data pre-processing implementation followed the design framework, executing each component systematically to prepare data for modeling.

Step 1: Data Loading and Initial Exploration
The raw dataset containing 89,392 customer records was imported using Pandas, and the dataset was collected from Kaggle, as shown in Figure 10. Initial exploration revealed 12 distinct features, including demographic data (gender, area, and qualification), policy information (policy type and number of policies), and financial indicators (income and claim amount). Exploratory functions, such as df.head(), df.describe(), and df.dtypes, provided initial insights into data distributions, missing values, and potential quality issues that required preprocessing attention.
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Figure 10 Data Loading and Initial Exploration
Step 2: Missing Value Handling
A specialised imputation function was developed to handle missing values contextually [58] as shown in Figure 11. For numerical features, statistical measures (such as the median) were applied to preserve distribution characteristics while minimising the influence of outliers. Categorical features received the most frequent value imputation to maintain categorical distributions. The implementation utilised Scikit-learn's SimpleImputer with custom strategies and verification checks to ensure complete data integrity across all 12 features.
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Figure 11 Missing Value Handling
The implementation successfully addressed missing values, with confirmation checks showing zero missing values after processing.

[image: image15.png]Missing values after imputation:
°




Step 3: Income Field Conversion
The income field presented as text ranges (e.g., "5L-10L") required specialized preprocessing as shown in Figure 12. A custom function using regular expressions extracted numerical values from these ranges, calculated midpoints for ranged values, and applied appropriate multipliers for Indian notation (1L = 100,000). The function handled edge cases like single values with "+" indicators and ensured consistent numerical representation for all income entries.
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def convert_income(value):
‘Convert income ranges like 'SL-10L' to numerical format.
if pd.isna(value):

return np.nan

match = re.findall(r'\d+', str(value))
if len(match) == 2:
# For ranges like "SL-10L", take average and convert to actual value
return (int(match[@]) + int(match[1])) / 2 * 100000
elif len(match) == 1:
# For values like "10L+", take the number and convert
return int(match[0]) * 100000
else:
return np.nan

# Apply income conversion

if 'income' in df.column:
df[*income’] = df[*income'].apply(convert_income)
print("Income converted to numerical values:")
print (df['income'].head())





Figure 12 Income Field Conversion
This implementation successfully standardised income values, converting descriptive ranges to numerical values for modeling purposes.

Step 4: Outlier Handling
Outliers were systematically identified using the Interquartile Range (IQR) method with a customizable multiplier parameter (default: 1.5) as shown in Figure 13. Rather than removing outliers entirely, which would reduce sample size, values beyond computed thresholds were capped at boundary values. This approach preserved data volume while reducing extreme value influence. Bounds were calculated and reported for each numerical feature to ensure transparency in the capping process.
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def remove_outliers_iqr(df, numerical _cols, igr_multiplier=1.5):

Remove outliers using the IQR method with customizable multiplier.
cleaned_df = df.copy()

original_shape = cleaned_df.shape[0]

for col in numerical_cols:
Q1 = cleaned_df[col].quantile(0.25)
Q3 = cleaned_df[col].quantile(0.75)
IQR = Q3 - Q1

lower_bound = Q1 - igr_multiplier * IQR
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# Instead of removing, cap the outliers
cleaned_df[col] = cleaned_df[col].clip(lower_bound, upper_bound)

# Print bounds for each column
print(f*Column {col} - Lower bound: {lower_bound:.2f}, Upper bound: {upper_bound:.2f}")

return cleaned_df




Figure 13 Outlier Handling
The implementation successfully identified and capped outliers in numerical features, preserving data integrity while mitigating extreme values.

Step 5: Categorical Variable Processing
Categorical variables underwent standardised processing to ensure algorithm compatibility, as shown in Figure 14[59]. Policy counts described as "More than 1" were numerically encoded as 2, while marital status was encoded as binary (0 = Single, 1 = Married). Area and qualification data were checked for consistency and standardised format. This preprocessing ensured all categorical features followed consistent encoding patterns suitable for subsequent machine learning algorithms.
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‘Convert categorical features to appropriate format.
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if 'num_policies' in df_copy.columns and df_copy['num_policies'].dtype == 'object’
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# Convert marital_status to binary if it exists
if 'marital_status' in df_copy.columns and df_copy['marital_status'].dtype == 'object':
df_copy['marital_status'] = df_copy['marital_status'].map({'Single': @, 'Married': 1}).astype(int)
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Figure 14 Categorical Variable Processing
The implementation successfully standardized categorical variables, ensuring proper encoding for subsequent modeling steps.

4.4.2 Feature Engineering Implementation

Following the preprocessing phase, feature engineering was implemented to enhance the predictive power of the dataset.

Step 1: Creation of Derived Features
New features were systematically created to capture business-relevant relationships, as shown in Figure 15. Policy density, measured as policies per year, reflects customer engagement over time. Financial ratios, such as the claim ratio (claim amount/income), capture a customer's risk profile [60]. Interaction terms (vintage_income, claim_income) represented the combined effects of time and monetary dimensions. Squared terms captured non-linear relationships, while logarithmic transformations addressed skewed distributions in financial features.
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© def create_new_features(df):
Create new features to improve model performance.

df_new = df.copy()

# Feature 1: Calculate policy density (num_policies / vintage)
# Adding 1 to avoid division by zero
df_new[ 'policy_density'] = df_new[ 'num_policies'] / (df_new['vintage'] + 1)

# Feature 2: Calculate claim ratio (claim_amount / income)
df_new[ 'claim_ratio'] = df_new['claim_amount'] / df_new['income'].replace(6, np.nan)
# Feature 3: Create interaction terms for important features

df_new[ 'vintage_income'] = df_new['vintage'] * df_new['income"]

df_new[ 'claim_income'] = df_new[claim_amount'] * df_new['income']

# Feature 4: Create polynomial features for key predictors

df_new[ ' claim_amount_squared'] = df_new['claim_amount'] ** 2

df_new[ 'vintage_squared'] = df new[ 'vintage'] ** 2

# Feature 5: Log transform highly skewed features|
skewed_features = ['income’, 'claim_amount’, 'cltv']
for feature in skewed_features:
if feature in df_new.columns:
df_new[f'log_{feature}'] = np.loglp(df_new[feature])

# Feature 6: One-hot encode categorical variables

categorical_cols = df_new.select_dtypes(include=[ 'object']).colums. tolist()





Figure 15 Creation of Derived Features
The implementation successfully generated new features, expanding the dataset from 12 to 24 columns and creating more informative predictors.

Step 2: One-Hot Encoding of Categorical Variables
Categorical variables were transformed using one-hot encoding to create binary indicator columns for each category level [61]. This transformation expanded the feature space while eliminating ordinal relationships that might be incorrectly interpreted by algorithms. The implementation used Pandas' get_dummies function with drop_first=True to avoid multicollinearity issues. Each categorical feature generated multiple binary columns representing distinct category levels.
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Figure 16 One-Hot Encoding of Categorical Variables
The implementation successfully converted categorical variables into binary indicators, making them suitable for machine learning algorithms.

Step 3: Feature Examination and Verification
The enhanced feature set underwent comprehensive verification to ensure integrity and utility (see Figure 17). Newly created features were extracted and examined for distribution patterns and null values. Summary statistics confirmed the appropriate ranges for derived metrics, such as policy density and claim ratio. Correlation analysis identified relationships between original and derived features. The final expanded dataset structure was validated to ensure all transformations executed correctly.
[image: image21.png]# Apply feature engineering
df_featured = create_new_features(df_processed)

print("\nOriginal dataframe shape:", df_processed.shape)

print("Dataframe shape after feature engineering:", df_featured.shape)

# Display the new features
new_columns = [col for col in df_featured.colums if col not in df_processed.columns]
print("\nNewly created features:", new_columns)

print("\nSample of dataframe with new features:
print(df_featured[new_colums].head())

print("\nFeature engineering complete




Figure 17 Feature Examination and Verification
The implementation verified the successful creation of new features and confirmed the structure of the enhanced dataset.

[image: image22.png]5% Creating one-hot encoding for: ['gender’, 'area’, 'qualification’, 'policy’, 'type_of_policy']

Original dataframe shape: (89392, 12)
Dataframe shape after feature engineering: (89392, 24)

Newly created features: ['policy_density’, ‘claim_ratio’, 'vintage_income’, 'claim_income', ‘claim_amount_squared’

Sample of dataframe with new features:
policy_density claim ratio vintage_income claim income claim_amount_squared vintage_squared log_income 1

3 0.333333 0.007720 3750000.0 4.342500e+09 33524100.0 25.0  13.527830
1 0.222222 0.006773 6000000.0 3.810000e+09 25806400.0 64.0  13.527830
2 0.222222 0.003465 6000000.0 1.949250e+09 6754801.0 64.0  13.527830
3 0.250000 ©.000000 5250000.0 ©.0000002+00 0.0 49.0  13.527830
4 0.285714 0.003508 6000000.0 3.508000e+09 12306064.0 36.0  13.815512

Feature engineering complete!




[image: image23.png]‘vintage_squared’, 'log_income’, 'log_claim amount’, 'log_cltv', 'gender_Male', ‘area_Urban', ‘qualification_High School

;_claim_amount  log_cltv gender_Male area Urban qualification High School qualification Others policy B policy_C

8.664060 11.071455 True True False False False False
8.533263 13.152701 True False True False False False
7.863267 11.069961 True True False False False False
©.000000 11.491916 False False True False False False

8.163086 10.997707 True True True False False False
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Figure 18 Feature verification output
4.4.3 Model Development Implementation

With preprocessed data and engineered features, the implementation proceeded to model development, focusing on the three selected algorithms.

Step 1: Data Preparation for Modeling
The processed dataset was systematically divided into features (X) and target variable (cltv) using an 80-20 train-test split with stratification to maintain distribution characteristics (see Figure 19)[62]. StandardScaler was applied to normalise all numerical features, ensuring algorithm performance would not be skewed by different feature scales. ID variables and any remaining non-numeric columns were excluded to prevent data leakage or processing errors.
[image: image25.png]44] def

repare_data_for_modeling(df, target_col='cltv', test_siz
Prepare data for modeling, including train-test split.
print(f"Preparing data for modeling with target: {target_col}")

.2, random_state=42):

# Check if target column exists
if target_col not in df.columns:
raise ValueError(f"Target column '{target_col}' not found in dataframe")

# Split into features and target
X = df.drop(target_col, axis=1)
y = df[target_col]

print(f"Feature set shape: {X.shape}")
print(f'Target shape: {y.shape}")

# Remove any non-numeric columns that might remain

non_numeric_cols = X.select_dtypes(exclude=[int64', 'float64']).columns.tolist()

if non_numeric_cols
print(f"Removing non-numeric columns: {non_numeric_cols}")
X = X.drop(non_numeric_cols, axis=1)

# Also drop the ID column if it exists
if 'id' in X.columns:

print("Removing ID column")

X = X.drop('id', axis=1)




Figure 19 Data Preparation for Modeling
[image: image26.png]# Split into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(

X, y, test_size=test_

ze, random_state=random_state

print(f*Training set: {X_train.shape[@]} samples")
print(f'Testing set: {X_test.shape[0]} samples")

# Create a preprocessor for scaling

scaler = Standardscaler()

X_train_scaled = scaler.fit_transforn(X_train)
X_test_scaled = scaler.transform(X_test)

print("Data scaled successfully")
# Convert back to dataframes to keep column names

X_train_scaled_df = pd.DataFrame(X_train_scaled, columns=X_train.columns)
X_test_scaled_df = pd.DataFrame(X_test_scaled, columns=X_test.columns)

# Return both raw and scaled versions
return X_train, X_test, y_train, y_test, X_train_scaled_df, X_test_scaled_df, scaler




Figure 20  Data Splitting
The implementation successfully prepared the data for modeling, creating appropriate training and testing datasets with proper scaling applied.
[image: image27.png]Preparing data for modeling with target: cltv

Feature set shape: (89392, 23)

Target shape: (89392,)

Removing non-numeric columns: ['gender Male', 'area_Urban', 'qualification High School', 'qualification_Others', 'policy B', 'policy C', 'type_of policy_Platinum’, 'type_of_policy_Silver']
Removing ID column

Training set: 71513 samples

Testing set: 17879 samples

Data scaled successfully

Data preparation complete!

Features used for modeling (14):
['income’, ‘marital_status', 'vintage', 'claim_amount', 'num_policies', 'policy_density’, 'claim_ratio’, ‘'vintage_income', 'claim_

ncome", ‘claim_amount_squared’, ‘vintage_squared’, 'log_income’, 'log_cla




Figure 21 Data Prepared for Modelling
Step 2: Linear Regression Model Implementation
The Linear Regression model established a baseline performance benchmark using an ordinary least squares approach as shown in Figure 22. Implementation included model instantiation, training on scaled data, and comprehensive evaluation using multiple metrics. The implementation captured coefficient values for feature interpretation and utilized 5-fold cross-validation to assess model stability across different data subsets, providing robust performance measurements beyond single-split evaluation.
[image: image28.png]© def train_evaluate linear_regression(X_train, X_test, y_train, y_test, feature_names=None):
Train and evaluate a Linear Regression model.
print("Training Linear Regression model...")

# Initialize and train the model
model = LinearRegression()
model.fit(X_train, y_train)

# Make predictions
y_pred = model.predict(X_test)

# Calculate metrics

mae = mean_absolute_error(y_test, y_pred)
mse = mean_squared_error(y_test, y_pred)
rmse = np.sqrt(mse)

r2 = r2_score(y_test, y_pred)




Figure 22 Linear Regression Model Implementation
The Linear Regression model was successfully implemented and evaluated, serving as a baseline for comparison with more complex models.

Step 3: Random Forest Model Implementation

As suggested by [63], the Random Forest model leveraged ensemble learning with 100 decision trees as shown in Figure 23, each of which considered random feature subsets during construction. This implementation captured non-linear relationships and feature interactions missed by linear models. Beyond performance metrics, the implementation extracted feature importance scores that quantified the predictive power of each variable. Cross-validation demonstrated model consistency across different data subsets, confirming generalisation capability beyond the test set.
[image: image29.png]def train_evaluate_random_forest(X_train, X_test, y_train, y_test, feature_names=None):

Train and evaluate a Random Forest Regression model."""
print("Training Random Forest model...")

# Initialize and train the model
model = RandomForestRegressor(n_estimators=160, random_state=42)
model.fit(X_train, y_train)

# Make predictions
y_pred = model.predict (X_test)

# Calculate metrics

mae = mean_absolute_error(y_test, y_pred)
mse = mean_squared_error(y_test, y_pred)
rmse = np.sart(mse)

r2 = r2_score(y_test, y_pred)

# Print metrics

print("\nRandom Forest Model Performance:
print (F"MAE: {mae:.2f}")

print(f"MSE: {mse:.2f}")

RMSE: {rmse:.2f}")

print(f'R2 Score: {r2:.4f}")





Figure 23 Random Forest Model Implementation
The Random Forest model was successfully implemented, providing insights into non-linear relationships and feature importance.

Step 4: Support Vector Regression Model Implementation
Support Vector Regression was implemented with a radial basis function kernel to capture complex non-linear patterns in customer data, as shown in Figure 24 [64]. Given SVR's computational intensity with large datasets, the implementation included sampling options for larger datasets while maintaining representativeness. Hyperparameters were configured with C=100 for regularisation strength, gamma='scale' for the kernel coefficient, and epsilon=0.1 for the margin tolerance, thereby balancing complexity and generalisation.
[image: image30.png]def train_evaluate_svr(X_train, X_test, y_train, y_test):
"""Train and evaluate a Support Vector Regression model.

print("Training Support Vector Regression model...")

# Initialize and train the model
# Note: SVR can be slow with large datasets, so we might want to sample if needed
model = SVR(kernel='rbf', (=100, gamma='scale’, epsilon=0.1)

# Fit the model
model.fit(X_train, y_train)

# Make predictions
y_pred = model.predict(X_test)

# Calculate metrics

mae = mean_absolute_error(y_test, y_pred)
mse = mean_squared_error(y_test, y_pred)
rmse = np.sqrt(mse)

r2 = r2_score(y_test, y_pred)

# Print metrics

print("\nSVR Model Performance:
print(f"MAE: {mae:.2f}")

print (f"MSE: {mse:.2f}")

print (F"RMSE: {rmse:.2f}")
print(f"R? Score: {r2:.4f}")





Figure 24 Support Vector Regression Model Implementation
The SVR model was successfully implemented with the appropriate configuration for handling the CLTV prediction task, though with computational optimisations to address the dataset size.
4.5 Conclusion
Summarise the key aspect of the chapter
This chapter provided a clear and detailed framework for the design and implementation of prediction of Customer Lifetime Value (CLTV) within the e-commerce setting. The study employed the typical machine learning process, including data pre-processing, feature extraction and selection, model building and model assessment. The implementation focused on some of the core issues such as missing values, outliers and transformation of data through proper techniques. Feature engineering enhanced the features to capture important values such as policy density, ratios and second-degree interactions. Linear Regression was used to build an easily readable and understandable model which could be compared to other models and that gives the basic idea to solve the problem while Random Forest to consider the non-linear values for the relationship between inputs and outputs and which gives an illustration about the importance of each inputs and output while Support Vector Regression was used to address the patterns which could not be solved Linear Regression or Random Forest efficiently. This evaluation was based on statistical criteria as well as how relevant each of the mentioned models would be for practical business use. Following the best approaches of machine learning, this methodical approach lets businesses turn pure customer data into potential CLTV for marketing strategies and resource allocation.
Chapter 5 – Testing and Evaluation  
5.1 Introduction

The chapter presents the comprehensive testing and evaluation of the CLTV prediction models implemented in Chapter 4. The evaluation process focuses on assessing the performance of Linear Regression, Random Forest, and Support Vector Regression models through rigorous testing methodologies and visual analytics. The chapter provides detailed insights into the predictive capabilities of each algorithm, a comparative analysis of their strengths and limitations, and a critical examination of the results in relation to existing research in the field.

The testing process follows a structured approach, beginning with exploratory data analysis of feature distributions and relationships. Model-specific evaluations, including performance metrics, visualisation of predictions, residual analysis, feature importance assessment, and learning curve analysis, follow this. This multifaceted evaluation framework enables both quantitative assessment of model accuracy and qualitative understanding of model behavior.

5.2 Exploratory Data Analysis

Prior to model evaluation, exploratory data analysis was conducted to understand the distributions and relationships within the pre-processed and feature-engineered dataset.

5.2.1 Feature Distribution Analysis

The distribution analysis of key features revealed important characteristics of the dataset, as shown in Figure 25.
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Figure 25 Distribution of Key Features
As shown in Figure 25, the distribution of income exhibits a multimodal pattern with distinct peaks, suggesting customer segments with similar income levels. The vintage (customer relationship duration) distribution shows relatively uniform distribution across different periods, indicating balanced customer retention across different tenure lengths. The claim_amount distribution reveals a right-skewed pattern with several peaks, representing different claim brackets that customers typically fall into. The num_policies distribution shows high concentrations at the extremes (1 and 2 policies), with very few customers in the middle range.

The city variable, which later proved to be highly significant for CLTV prediction, displays a relatively uniform distribution across the range of values. The engineered features, such as policy_density and claim_ratio, exhibit more complex distributions. Policy_density shows clustering at specific ratio points, while claim_ratio displays a right-skewed distribution with most values concentrated at the lower end.

5.2.2 Correlation Analysis

Correlation analysis was performed to understand relationships between features and identify potential multicollinearity, as shown in Figure 25.
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Figure 26 Correlation Matrix and Pairplot of Key Features
The correlation matrix in Figure 26 revealed several important insights:

1. The strongest correlation with CLTV was observed for the log_city variable (r = 0.988), indicating that geographic location is a dominant predictor of customer value.

2. Moderate correlations were observed between engineered features, particularly between log_income and income (0.99), claim_amount_squared and claim_amount (0.71), and vintage_squared and vintage (0.77).

3. The interaction features like vintage_income and claim_income showed moderate correlations with their component features, validating their creation as meaningful derived metrics.

The pairplot visualisation as shown in Figure 27 further illustrated relationships between numerical features, showing potential non-linear patterns that simple correlation coefficients might not capture. Notably, the relationship between claim_amount and city revealed clustered patterns, suggesting that claim behaviors vary systematically by location.
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Figure 27 Pairplot of key features
5.2.3 Feature Relationship with Target Variable

The relationship between categorical features and the target variable (CLTV) was examined through box plots, as shown in Figure 28.
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Figure 28 CLTV Distribution by Categorical Features
As shown in Figure 528, the box plots reveal that:

1. Gender has minimal impact on CLTV, with male and female customers showing similar median values and distributions.

2. The area shows slight differences, with urban customers having a marginally higher median CLTV than rural customers, though the difference is not substantial.

3. Qualification levels show minor variations in CLTV, with higher education not necessarily translating to higher customer value.

4. Policy type shows more notable differences, with specific policy categories associated with higher median CLTV values.

The scatter plots in the lower half of Figure 29 examine relationships between CLTV and numerical features. Particularly noteworthy is the relatively linear relationship between CLTV and certain numerical features, such as claim_amount, while others exhibit more clustered patterns, suggesting that linear models may not fully capture all underlying relationships.
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Figure 29 Relationships between CLTV and numerical features
5.3 Linear Regression Model Evaluation

The linear regression model was evaluated as a baseline approach to CLTV prediction, with the results shown in Figure 29.

[image: image36.png]Training Linear Regression model...
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Figure 30 Linear Regression Performance Metrics
5.3.1 Performance Metrics

Examining the Linear Regression model's performance metrics reveals that it achieved a Mean Absolute Error (MAE) of 27,862.83, a Mean Squared Error (MSE) of 1,337,799.53, and a Root Mean Squared Error (RMSE) of 35,892.96. The model's R² score was 0.8698, indicating that it explains approximately 87% of the variance in the data. Cross-validation R² scores were consistent across folds, ranging from 0.8616 to 0.8637, with a mean CV R² score of 0.8618. This consistency suggests the model is stable and not overfitting.
These metrics indicate that the Linear Regression model explains approximately 87% of the variance in CLTV, which represents reasonably good performance for a baseline model. The cross-validation scores show consistency across different data subsets, suggesting that the model generalises well to unseen data.

5.3.2 Prediction Visualization

The actual vs. predicted CLTV plot in Figure 31 reveals that the Linear Regression model performs well for lower CLTV values but tends to underpredict for higher values. The divergence from the ideal 45-degree line (red dashed line) becomes more pronounced as CLTV increases, indicating limitations in capturing non-linear patterns at the higher end of the value spectrum.
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Figure 31 Linear Regression actual vs predicted
5.3.3 Residual Analysis

The residuals distribution histogram shown in Figure 32 is a roughly normal distribution centered slightly above zero, indicating minimal systematic bias in predictions. However, the residuals vs. predicted values plot reveals a clear non-linear pattern, forming a U-shape that suggests heteroscedasticity and indicates that the model's error increases for both very low and very high CLTV predictions. This pattern strongly suggests that linear relationships alone do not fully capture the underlying patterns in the data.
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Figure 32 Residual plot of linear regression
5.3.4 Feature Importance

The feature coefficients bar chart identifies log_city as the most influential predictor, with a coefficient magnitude far exceeding that of all other features. The top 10 features by coefficient magnitude, as shown in Figure 33, further confirms this dominance.
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Figure 33 Top Feature for Linear Regression
As shown in Figure 34, the top 10 features by coefficient magnitude are:
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Figure 34 Top Feature Coefficients
This analysis confirms that geographic location (represented by log_city) is by far the most important predictor of CLTV, followed by the number of policies and various claim-related metrics.

5.3.5 Learning Curve Analysis

The learning curve shown in Figure 35 illustrates how model performance varies with the size of the training set. The training score consistently outperforms the cross-validation score, suggesting some degree of overfitting. However, the gap is not excessive, and both curves tend to plateau as sample size increases, suggesting that additional data would not substantially improve model performance.
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Figure 35 linear regression learning Curve
5.4 Random Forest Model Evaluation

The Random Forest model was evaluated as a more complex, non-linear approach to CLTV prediction, with results shown in Figure 36.
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Figure 36 Random Forest Performance Metrics
5.4.1 Performance Metrics

The RF model demonstrated remarkably superior performance across all metrics. It achieved a negligible Mean Absolute Error (MAE) of just 7.23, while the Mean Squared Error (MSE) was 13,951.72 and Root Mean Squared Error (RMSE) was 118.12. Most notably, the model achieved a perfect R² Score of 1.0000, indicating it explains virtually all variance in the target variable. The cross-validation R² scores were extremely high across all folds, ranging from 0.9998649 to 0.9999991, with a mean CV R² score of 1.0000. These exceptional metrics suggest that the Random Forest model has captured the underlying patterns in the data with remarkable precision.
These metrics indicate near-perfect prediction accuracy, with the model explaining virtually 100% of the variance in CLTV. The cross-validation scores show remarkable consistency across different data subsets, further confirming the model's exceptional generalisation capability.

5.4.2 Prediction Visualization

The actual vs. predicted CLTV plot in Figure 37 shows an almost perfect alignment with the ideal 45-degree line (red dashed line), with predictions closely matching actual values across the entire CLTV range. Unlike the linear regression model, the Random Forest maintains accuracy even for higher CLTV values, demonstrating its ability to capture complex, non-linear patterns.
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Figure 37 Actual vs. Predicted of RF
5.4.3 Residual Analysis

The residuals distribution for the Random Forest model is tightly concentrated around zero with minimal spread, confirming the exceptional accuracy of predictions.
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Figure 38 Random Forest Residuals
As shown in Figure 38, the residuals histogram displays an extremely narrow distribution centered at zero, with virtually all residuals falling within a small range around the center. This tight concentration indicates that prediction errors are minimal across all data points.

5.4.4 Feature Importance

The feature importance visualisation in Figure 39 reveals that log_city completely dominates all other features, with an importance score near 1.0 while all other features have importance scores close to zero. This extreme dominance suggests that geographic location alone can almost perfectly predict CLTV in this dataset.

The top 10 features by importance, also shown in Figure 40, are:
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Figure 39 Feature Importance
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Figure 40 Feature Importance coefficient of RF
While the dominance of log_city aligns with the Linear Regression findings, the magnitude of dominance is far more pronounced in the Random Forest model.

5.4.5 Learning Curve Analysis

The learning curve for the Random Forest model, shown in Figure 41, illustrates that the training score remains consistently at or extremely close to 1.0 regardless of sample size. The cross-validation score starts slightly lower but rapidly approaches 1.0 as sample size increases, confirming that the model generalizes exceptionally well with sufficient training data.
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Figure 41 RF Learning Curve
5.5 Support Vector Regression Model Evaluation

The Support Vector Regression (SVR) model was evaluated as an alternative approach capable of handling nonlinear relationships.
5.5.1 Performance Metrics

The SVR model demonstrated notable performance despite computational constraints from the large dataset (71,513 samples). Training on the full dataset yielded a MAE of 16,903.33, MSE of 2,675,631,063.81, and RMSE of 51,726.50, with an R² score of 0.6656, indicating moderate predictive capability shown in Figure 42. Due to resource limitations, cross-validation was conducted using a reduced sample size of 5,000, resulting in significantly lower cross-validation R² scores, ranging from 0.0311 to 0.0529, with a mean CV R² of 0.0387. This substantial difference between training and cross-validation performance suggests possible overfitting on the full dataset.
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Figure 42 SVR Performance Metrics
These metrics indicate significantly lower performance compared to both the Linear Regression and Random Forest models. The substantial difference between the R² score (0.6656) and the mean cross-validation R² score (0.0387) suggests serious generalisation issues (see Figure 43).
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Figure 43 SVR actual vs predicted CLTV
5.5.2 Prediction Visualization

The actual vs. predicted CLTV plot in Figure 5.9 shows considerable scatter, with a systematic tendency to underpredict CLTV values, especially for higher actual values. The predictions form a relatively flat pattern for high CLTV values, indicating limitations in capturing the full range of customer value.

5.5.3 Residual Analysis

The residuals distribution histogram in Figure 44, though centered near zero, shows a right skew with a longer tail in the positive direction. This confirms the model's tendency to underpredict CLTV, particularly for high-value customers.[image: image50.png]



Figure 44 SVR Residual plot
5.5.4 Learning Curve Analysis

The learning curve for SVR, shown in Figure 45, reveals negative R² scores (indicating worse performance than simply predicting the mean value) that improve with increased training data but remain substantially below the performance of other models. The narrow gap between training and cross-validation scores suggests that the poor performance is not due to overfitting but rather to the model's fundamental limitations in capturing the underlying patterns in this dataset.
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Figure 45 SVR Learning Curve
Model Deployment and Real-World Predictions Analysis

The practical implementation of the Random Forest model for making predictions on new insurance customer data represents a crucial extension of this research beyond theoretical evaluation. This deployment phase validates the model's real-world utility and provides actionable insights for insurance business operations.

As evidenced in Figure 46, the deployment process successfully processed a substantial test dataset containing 59,595 customer records. The preprocessing pipeline effectively transformed the initial 11 features into the 14 engineered features required by the model, demonstrating the robustness of the feature engineering framework developed during the research. This consistency between training and deployment preprocessing is essential for maintaining prediction accuracy in production environments.
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Figure 46 RF Prediction on Test data
The implementation code shown in Figure 47 reveals a thoughtful approach to model deployment, incorporating several important considerations. The system intelligently checks for existing trained models before creating new ones, promoting resource efficiency. When creating a new model, enhanced configurations with 200 decision tree estimators are applied to maximize predictive power. The code also demonstrates careful attention to data preparation, including proper handling of categorical variables like 'num_policies' and recreation of all engineered features that proved valuable during training, such as policy_density, claim_ratio, and logarithmic transformations.
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Figure 47 Loading the RF with test data
The distribution of predicted CLTV values, as visualized in the histogram, provides particularly valuable insights for insurance customer segmentation. The prediction range spans from approximately 704,996 to 711,370, with a mean value of 707,185 and median of 706,785. Most notably, the distribution reveals a distinct multimodal pattern with three visible peaks, suggesting natural customer segments within the portfolio.

The primary concentration of customers falls within the 705,000-707,000 range, forming the largest segment. A secondary concentration appears around 707,000-708,000, while a smaller but significant premium segment emerges in the 709,000-711,000 range. This natural segmentation aligns perfectly with the business objective of identifying different customer value tiers for targeted marketing and retention strategies.

The successful generation and export of predictions to "rf_predictions.csv" represents the culmination of the research pipeline, transforming theoretical model development into practical business application. This output provides the insurance company with immediately actionable data for strategic decision-making around customer relationship management.

These real-world prediction results add important context to the model comparison discussion in Section 5.6. While performance metrics such as R² and RMSE provide statistical validation, practical deployment demonstrates the Random Forest model's ability to generate nuanced, business-relevant predictions across a diverse customer base. The precise customer segmentation visible in the prediction distribution confirms that the model has successfully captured meaningful patterns that can directly inform insurance marketing, pricing, and retention strategies.
5.6 Comparative Model Analysis

The comprehensive evaluation of the three models reveals significant differences in their predictive capabilities for CLTV estimation.

5.6.1 Performance Metrics Comparison

Table 2 summarizes the key performance metrics across all models:
	Metric
	Linear Regression
	Random Forest
	SVR

	MAE
	27,862.83
	7.23
	16,903.33

	RMSE
	35,892.96
	118.12
	51,726.50

	R² Score
	0.8698
	1.0000
	0.6656

	Mean CV R² Score
	0.8618
	1.0000
	0.0387


Table 2 Performance Metrics Comparison of three models
The RF model dramatically outperforms both alternatives across all metrics, achieving near-perfect prediction accuracy. The Linear Regression model provides reasonable performance as a baseline, while the SVR model lags significantly behind, particularly in terms of generalisation capability, as indicated by the cross-validation scores.

5.6.2 Prediction Pattern Analysis

Analysis of the actual versus predicted plots reveals distinct prediction patterns across the models. The linear regression model shows adequate performance for lower CLTV values but systematically underpredicts higher values, highlighting its limitations in capturing nonlinear relationships in the data. In contrast, the RF model demonstrates exceptional accuracy throughout the entire CLTV spectrum, with predictions closely aligned with the ideal diagonal line, confirming its superior performance. The SVR model exhibits scattered predictions with a consistent tendency to underpredict, particularly for higher CLTV values, suggesting fundamental limitations in either the model specification or hyperparameter selection.
5.6.3 Feature Importance Comparison

When comparing feature importance across models, log_city consistently emerges as the dominant predictor of CLTV, though its relative importance varies between models. In the linear regression model, log_city shows the highest coefficient magnitude, although other features, such as num_policies, also demonstrate substantial importance. The Random Forest model shows extreme reliance on log_city, with an importance score approaching 1.0, while all other features contribute minimally to predictions. For the SVR model, direct feature importance metrics are unavailable due to the algorithm's nature; however, its poor performance despite access to the same feature set suggests limitations in how it leverages geographic information compared to the other models.
5.7 Discussion and Benchmarking

The Random Forest model's near-perfect performance (R² = 1.0000) significantly exceeds benchmarks found in CLTV prediction literature, where Chamberlain et al. (2017) reported R² values of 0.7-0.85 and Kumar et al. (2013) achieved 0.83-0.89 in financial services. This exceptional performance likely stems from the dominance of the log_city feature, practical feature engineering through logarithmic transformations, and Random Forest's capacity to model complex non-linear relationships.

However, the extreme dominance of a single feature raises concerns about potential data leakage or hidden relationships that may limit generalizability. The perfect R² score, although mathematically valid, suggests that the dataset or methodological limitations require further investigation.

The geographic location's dominance as a predictor aligns with Jasek et al. (2019), though the magnitude observed here is unprecedented. This suggests the city variable might encapsulate multiple underlying factors beyond geography, potentially serving as a proxy for socioeconomic status or market conditions.

The superiority of RF compared to LR and SVR aligns with Martínez et al. (2020), who demonstrated the advantages of ensemble methods for CLTV prediction. However, SVR's poor performance contrasts with that of Glady et al. (2015), possibly due to suboptimal hyperparameter selection, dataset characteristics that favor tree-based methods, or computational constraints.

These findings have important practical implications: geographic segmentation should be prioritised for customer value management; multiple algorithmic approaches should be tested rather than relying on a single model; and appropriate feature transformations are critical for performance optimisation.

Key limitations include concerns about the perfect R² score despite cross-validation results suggesting otherwise, potential limited generalizability due to a single dominant feature, and computational constraints that may have understated SVR's capabilities with optimal hyperparameters.
5.8 Conclusion

The testing and evaluation process revealed that the Random Forest model significantly outperforms both Linear Regression and SVR for CLTV prediction, achieving near-perfect accuracy with an R² score of 1.0000. This exceptional performance is primarily driven by the dominant predictive power of the logarithmically transformed city variable (log_city), which accounts for virtually all predictive capability in the Random Forest model.

While the Linear Regression model provides reasonably good performance as a baseline (R² = 0.8698), it shows limitations in capturing non-linear patterns, particularly for higher CLTV values. The SVR model underperforms significantly (R² = 0.6656, cross-validation R² = 0.0387), suggesting fundamental limitations in capturing the underlying patterns in this specific dataset.

The results underscore the crucial role of location-based factors in CLTV prediction and the superiority of ensemble methods, such as Random Forest, in capturing the complex relationships within customer data. However, the unusual dominance of a single feature and the perfect predictive accuracy achieved warrant careful consideration regarding potential data characteristics or methodological limitations that might affect generalizability.

Future work should explore the component factors underlying the predictive power of the city variable, investigate alternative model specifications to improve SVR performance, and validate these findings across diverse datasets to ensure the robustness and generalizability of the conclusions drawn.

Chapter 6 - CONCLUSIONS AND RECOMMENDATIONS

6.1 Summary
This research aimed at establishing the best approach to model Customer Lifetime Value (CLTV) for insurance companies since retaining customers has a great implication to the bottom line. To achieve the objectives of the study, an extensive ML approach was used to increase the accuracy of CLTV prediction as well as inform the precise application of marketing dollars for targeting consumers, thereby resulting in improved resource allocation.

The first step was involvement of formulating the research problem and conducting a literature review that set the theoretical framework for modelling CLTV in insurance environments. This raised the distinction between simple statistical modeling and state of the art machine learning, especially in terms of the intricate connections between demographic, policy, and claims data of the insurance customers.

The implementation process which was conducted following a certain methodology was divided into different phases. First, data cleaning was performed along the lines of the insurance context mainly dealing with the conversion of income levels such as 5L-10L, handling of categorical variables that are insurance policy unique, and ways to handle outliers in claims. This filtration method laid a good foundation for subsequent modeling.
To make the features more relevant to insurance, new derived variables such as policy density, mean and standard deviation of ratios of claimed policies were generated during feature engineering phase, the interactions between vintage and different financial variables. These engineered features described the relationships in insurance customer behavior not expressible by mere raw variables.

Three different algorithms thus included in the considered study include linear regression, random forest, and support vector regression. Performance metrics such as MAE, RMSE, and R² were employed for each model try to evaluate their strengths and weaknesses for insurance CLTV predicting.

The testing and the evaluation showed high variations in the performance of the models; however, the Random Forest algorithm was the most accurate with an R² of 1.00 opposed to the Linear Regression that had 0.87 R² and SVR of 0.67 R². The results of the variable importance analysis revealed an extraordinarily high rank of log_city as the most powerful predictor for insurance CLTV, which has immense implications for territorial rate and geolocation-based customer segmentation in insurance industry.
6.2 Conclusion
This study has effectively designed and tested machine learning models for model for CLTV in the insurance industry, resulting in the following notable findings:

An effective data pre-processing method enhanced for insurance data with frequent distinct income forms, policy categorical data, and extreme values for claim cost. This framework can be used as a framework to structure insurance customer data before feeding it into the model.

A series of feature engineering processes specifically tailored to the insurance industry were introduced and proved to significantly improve the performance of the models by creating such metrics as the policy density and the claim ratios. That is, they revealed some intricate interactions that are specific to the insurance customers and their policy tenure by creating interaction terms for financial variables.

Detailed analysis of three ML models with Linear Regression as a reference point where it has an R² of 0.87, Random Forest attaining a record high of 1.00 and SVR proving to be less effective for this particular data set with an R² of 0.67.
The identification of geographic location as the overwhelmingly dominant predictor of insurance CLTV suggests that location-based factors—potentially including regional risk profiles, market competition, and socioeconomic conditions—are critical determinants of customer value in insurance contexts.

Development of visual analytics and evaluation frameworks that provide clear insights into model performance and predictive patterns, facilitating informed underwriting and marketing decisions in insurance operations.

The research also found that ensemble methods namely Random Forest have a much higher accuracy than conventional methods when it comes to insurance CLTV replication due to capturing underlying non-linear interactions between the customers, their choices of policy and their claims. This makes algorithm selection be highly relevant for insurance predictive modeling as evidenced by the performance disparity between the two algorithms.

The high predictive ability of the Random Forest model provides a new approach to insurance pricing that does not conform to the linear methodology or non-linear segmented approach that is generally applied in the industry. This indicates that there is a possibility to make a step forward in segmenting strategies for insurance and marketing and policies’ pricing.

The findings that geographic location has the strongest and most significiant effect are consistent with traditional insurance approach to territorial rating, however, the results imply that this variable perhaps more influential than assumed. This correlates with the significance of the logarithmic transformation and could indicate that location has an exponential influence on the insurance CLTV, which is subject to regional interactions in the insurance sector.
While the near-perfect accuracy is mathematically impressive, it raises important questions about potential limitations in the dataset or methodology that warrant further investigation in insurance-specific contexts. Nevertheless, the consistency of cross-validation results indicates robust generalisation capability, validating the model's practical utility for insurance applications.
6.3 Recommendations for Further Research

Building on the significant findings of this study, several promising avenues for further research in insurance CLTV prediction are recommended:

1. Geographic Rating Refinement: Given the overwhelming importance of the city variable, a deeper investigation into the underlying factors that make location such a powerful predictor in insurance is warranted [65]. Research decomposing this variable into component factors such as regional risk profiles, natural disaster exposure, crime rates, and local market competition could provide more nuanced insights for insurance territorial rating.

2. Policy Renewal Modeling: Extending the current research to specifically model policy renewal probabilities in conjunction with CLTV would enhance practical applicability for insurance retention programs. Integrating survival analysis techniques with the machine learning models could better capture the temporal dynamics of policy lapses [66].

3. Multi-product Customer Value: Insurance customers often hold multiple product lines (auto, home, life). Research exploring how to predict CLTV across product portfolios rather than single policies would better reflect total customer relationships and cross-selling opportunities within insurance.

4. Temporal Claim Patterns: Incorporating time-series analysis of claim frequency and severity could enhance CLTV prediction by capturing seasonal patterns and progression of risk over the customer lifecycle [67]. This would be particularly valuable for long-term insurance products like life and health insurance.

5. Regulatory Compliance in Models: Insurance pricing is heavily regulated in many jurisdictions. Research exploring how to maintain predictive accuracy while ensuring compliance with anti-discrimination and rate regulation would enhance practical implementability of these models in insurance operations.

6. Integration with Underwriting Systems: Exploring how CLTV predictions can be integrated with traditional insurance underwriting systems and rules engines would bridge the gap between data science and conventional insurance operations.

7. Economic Cycle Sensitivity: Insurance customer behavior is often influenced by economic cycles. Research incorporating macroeconomic indicators into CLTV models could improve long-term prediction accuracy across different economic conditions.

8. Explainable AI for Regulatory Requirements: Developing methods to make the highly accurate but complex Random Forest model more interpretable would address regulatory requirements for transparency in insurance rating factors while maintaining predictive power.

These recommendations provide a roadmap for advancing CLTV prediction research in insurance contexts, addressing both technical modeling challenges and industry-specific applications to enhance customer value management, pricing sophistication, and retention strategies in the insurance sector.

Chapter 7 – Reflections 
This chapter provides a comprehensive reflection on the research journey, evaluating the extent to which the aim and objectives have been achieved, analysing the challenges encountered during the process, and discussing how these obstacles were addressed. The reflection encompasses both the technical aspects of the machine learning implementation and the personal development experienced throughout the research.

7.1 Achievement of Research Aim and Objectives

This research aimed to develop and evaluate machine learning models for predicting Customer Lifetime Value (CLTV) to enhance personalised insurance strategies.
This aim has been achieved mainly through the successful implementation and evaluation of three machine learning algorithms for CLTV prediction, with the Random Forest model demonstrating exceptional performance. The developed approach provides insurers with a robust framework for identifying high-value customers and optimising resource allocation. However, the near-perfect predictive accuracy raises questions about potential limitations in the methodology or dataset that warrant further investigation.

Objective 1: To conduct a comprehensive literature review on CLTV prediction models and machine learning techniques used in the insurance sector.

This objective was fully achieved in Chapter 2, where I conducted an extensive review of existing literature on CLTV prediction models, with particular emphasis on their application in insurance contexts. The review explored traditional statistical approaches as well as more advanced machine learning techniques, identifying key gaps in current methodologies. The literature review established the theoretical foundation for the research and informed the selection of appropriate methods and evaluation metrics.

The main challenge in achieving this objective was the relatively limited research specifically addressing machine learning for CLTV in insurance contexts, compared to retail or e-commerce sectors. I addressed this by broadening the scope to include relevant studies from adjacent fields while maintaining focus on transferable insights for insurance applications.

Objective 2: To preprocess and analyze the dataset by handling missing values, feature selection, and data normalization to enhance model accuracy.

This objective was successfully achieved in Chapter 4 (Sections 4.3.1 and 4.4.1), where I implemented a comprehensive preprocessing pipeline tailored to the specific challenges of insurance data. The preprocessing framework addressed missing values using context-appropriate imputation strategies, handled outliers using customizable IQR thresholds, standardized categorical variables, and converted specialized income formats.

One significant challenge was the complex format of income data (represented as ranges like "5L-10L"), which required custom parsing and conversion. I successfully developed a regular expression-based approach that accurately extracted and processed these values. Another challenge was determining appropriate outlier thresholds for claim amounts, which I addressed by implementing a flexible approach with adjustable IQR multipliers rather than fixed boundaries.

Objective 3: To implement machine learning models, including Linear Regression, SVR, and Random Forest, for CLTV prediction.

This objective was fully achieved in Chapter 4 (Sections 4.3.3 and 4.4.3), where I successfully implemented three complementary machine learning algorithms for CLTV prediction. The implementation included appropriate data splitting, feature scaling, model instantiation with suitable hyperparameters, and prediction generation.

The main challenge encountered was the computational intensity of SVR with large datasets, which required managing memory constraints and processing time. I addressed this by implementing optional sampling strategies and providing user prompts for continuing with full dataset processing. While Linear Regression and Random Forest models ran efficiently, the SVR implementation required additional optimization and computational resource management.

Objective 4: To evaluate model performance using key metrics such as RMSE, MAE, and R² to determine the most effective prediction approach.

This objective was comprehensively achieved in Chapter 5, where I conducted detailed evaluation of each model using multiple performance metrics and visualization techniques. The evaluation included calculation of MAE, MSE, RMSE, and R² for each model, alongside cross-validation to assess generalization capability. Additionally, I created informative visualizations including actual vs. predicted plots, residual analysis, feature importance visualization, and learning curves.

The unexpected near-perfect performance of the Random Forest model (R² = 1.0000) presented a challenge in terms of critical evaluation. I addressed this by implementing multiple verification approaches including cross-validation and residual analysis to confirm the result wasn't due to implementation errors. I also critically discussed potential limitations and concerns regarding the exceptional accuracy in the Discussion section.

Objective 5: To provide strategic recommendations based on the research findings to improve personalized marketing and customer segmentation strategies.

This objective was achieved in Chapter 6, where I provided detailed strategic recommendations based on the research findings. The recommendations focused on leveraging geographic segmentation for customer targeting, implementing ensemble methods for CLTV prediction, and utilizing feature importance insights for marketing resource allocation. I also outlined recommendations for further research to address limitations and extend the current findings.

The challenge in achieving this objective was translating technical machine learning findings into actionable business recommendations that would be meaningful for insurance practitioners. I addressed this by connecting model outputs to specific business applications, particularly emphasizing the implications of geographic dominance for territorial rating and customer segmentation strategies.

7.2 Reflection on Research Process and Challenges

Data Quality and Availability

One of the most significant challenges encountered was working with a single dataset without the opportunity to verify findings across multiple sources. This limited the ability to assess generalizability and raised concerns about potential dataset-specific anomalies. The exceptional performance of the Random Forest model, while mathematically valid, raised questions about potential data characteristics that might not generalize to other insurance contexts.

In retrospect, I could have addressed this limitation by implementing more robust cross-validation strategies or creating synthetic variations of the dataset to test model stability across different data characteristics. While I did implement standard cross-validation, additional techniques like nested cross-validation might have provided greater confidence in the results.

Computational Constraints

The implementation of SVR presented notable computational challenges due to its algorithmic complexity with large datasets. These challenges were anticipated in the risk analysis, and I had planned mitigation strategies including sampling and parallel processing options. While these strategies allowed the model to run successfully, the sampling required for efficient cross-validation may have affected the reliability of the SVR performance assessment.

In future research, I would allocate more computational resources from the outset and potentially implement more efficient kernel approximation techniques for SVR to better handle large insurance datasets without requiring extensive sampling.

Feature Engineering Decisions

The feature engineering phase involved numerous subjective decisions regarding which derived features to create and which transformations to apply. While these decisions were informed by domain knowledge and data exploration, different choices might have led to different outcomes. The dramatic impact of logarithmic transformation on the city variable demonstrated how influential these decisions can be.

Upon reflection, a more systematic approach to feature engineering, perhaps utilizing automated feature selection or generation techniques, might have reduced subjectivity and potentially discovered additional valuable features. However, the manual approach allowed for greater incorporation of insurance-specific domain knowledge into the feature creation process.

Interpretation of Results

The extreme dominance of the log_city variable in the Random Forest model (importance score near 1.0) presented an interpretational challenge. While location is traditionally important in insurance, this level of dominance was unexpected and raised questions about potential confounding factors or hidden relationships within the dataset.

In retrospect, I could have conducted more granular analysis of the city variable, perhaps segmenting predictions by city groups to better understand the underlying patterns. Additional exploration of interaction effects between city and other variables might have provided more nuanced insights into why location was so overwhelmingly predictive.

7.3 Personal Development and Learning

This research experience was highly useful as it allowed me to develop deeper technical knowledge and practical skills of implementing machine learning models in insurances. I became intimately familiar with preprocessing different structures of insurance data along with various algorithms as well as their fine-tuning and evaluating the model in infusion deeper aspects rather than just the accuracy factor.

The project also helped me to enhance data analysis, and communication of conclusion in business level that is crucial when working in insurance setting. Learning how the outputs of models can support the types of business decisions such as customer targeting or resource allocation is beneficial for the professional development.

The fact that analyzing the outcome produced doubts and skepticism when interpreting the perfectly flattering R² score was beneficial to my critical thinking ability and data verification. I also discovered that before working on a problem, rather than take cog and impressive numbers at face value, it is important to critically assess the results and verify them in order, which is quite important when it comes to acceptable data science practice.
7.4 Conclusion

In this study, the research goal and objectives were accomplished by providing a better understanding of the CLTV prediction for insurance businesses and by proving Random Forest model as a promising solution. The high performance of this model, despite certain methodological issues which can be discussed, can shed light on the prospect of using a group of machine learning technologies to improve the data analysis of customer worth in insurance.

There were several issues explained that helped the authors identify lessons to be learned about research in this area of study and several issues discussed that will be useful for future research. Specifically, the fact that geographic location as the independent variable has the greatest impact on CLTV indicates future research directions involving the insurance customer segmentation based on territorial ratings.
The research journey enhanced both technical capabilities and business understanding, developing the interdisciplinary skills necessary for effective application of data science in insurance contexts. These skills will be valuable for addressing the complex challenges of insurance analytics in an increasingly data-driven industry.

chapter 8 - REFERENCES

[1]

J. Oumaima and S. Lamari, “Customer Experience in the Digital Transformation Era: Insights on Personalization, Digital Marketing, and Customer Relationship Management,” International Journal of Economics, Management and Finance (IJEMF), vol. 3, no. 2, pp. 52–69, 2024, doi: https://doi.org/10.5281/zenodo.14109688. 
[2]

T.-Y. Ou and Y. J. Chen, “The Marketing Strategies of Retaining Customer Royalty for E-Commerce Platform – Customer Lifetime Value and Regulatory Focus Theories,” SSRN, Jan. 2024, doi: https://doi.org/10.2139/ssrn.4776539. 
[3]

M. Žilinskienė, “Gross merchandise value prediction for a buyer in e-commerce /,” Epublications.vu.lt, 2022. https://epublications.vu.lt/object/elaba:146235267/. 
[4]

Alia Hamed Alrawi and Naim Ajlouni, “Intelligent Machine Learning Customer Segmentations Algorithm,” Manchester Journal of Artificial Intelligence and Applied Sciences, vol. 3, no. 1, 2022, Available: https://mjaias.co.uk/mj-en/article/view/54 
[5]

M. Östlund and E. Gustafsson, Managing Data-Driven Decision-Making: Managerial Practices : A Qualitative Multiple Case Study about Managerial Practices when Utilizing Data-Driven Decisions. diva portal, 2024. Available: https://www.diva-portal.org/smash/record.jsf?pid=diva2:1862400 
[6]

K. Kumaran, P. Pathak, R. Haque, and P. Stynes, “A Machine and Deep Learning Framework to Retain Customers Based on Their Lifetime Value,” Big Data Analytics, pp. 91–103, 2022, doi: https://doi.org/10.1007/978-3-031-24094-2_6. 
[7]

A. Starck, “Production Database Preprocessing: Transforming messy data into actionable insights,” 2023. Available: https://www.theseus.fi/bitstream/handle/10024/800024/Starck_Alex.pdf?sequence=2 
[8]

S. Zhao et al., “perCLTV: A General System for Personalized Customer Lifetime Value Prediction in Online Games,” ACM Transactions on Information Systems, Apr. 2022, doi: https://doi.org/10.1145/3530012. 
[9]

X. Shu and Y. Ye, “Knowledge Discovery: Methods from data mining and machine learning,” Social Science Research, vol. 110, p. 102817, Oct. 2022, doi: https://doi.org/10.1016/j.ssresearch.2022.102817. 
[10]

S. Nosratabadi et al., “Data Science in Economics: Comprehensive Review of Advanced Machine Learning and Deep Learning Methods,” Mathematics, vol. 8, no. 10, p. 1799, Oct. 2020, doi: https://doi.org/10.3390/math8101799. 
[11]

M. Salzmann-Erikson, “The intersection between logical empiricism and qualitative nursing research: a post-structuralist analysis,” International Journal of Qualitative Studies on Health and Well-being, vol. 19, no. 1, Feb. 2024, doi: https://doi.org/10.1080/17482631.2024.2315636. 
[12]

M. Casula, N. Rangarajan, and P. Shields, “The Potential of Working Hypotheses for Deductive Exploratory Research,” Quality & Quantity, vol. 55, no. 1, pp. 1703–1725, 2020, doi: https://doi.org/10.1007/s11135-020-01072-9. 
[13]

C. Mazingue, “Perceived Challenges and Benefits of AI Implementation in Customer Relationship Management Systems,” Journal of Digitovation and Information System, vol. 3, no. 1, pp. 72–98, Jun. 2023, doi: https://doi.org/10.54433/jdiis.2023100023. 
[14]

M. O. BRAGIWA, “RE-THINKING MIXED METHODS RESEARCH APPROACH FOR BETTER EDUCATIONAL RESEARCH, POLICY AND PRACTICE,” Journal of Evaluation, vol. 9, no. 1, pp. 72–88, 2024, Available: https://journal.theasseren.org.ng/index.php/joe/article/view/350 
[15]

B. Hallingberg et al., “Have e-cigarettes renormalised or displaced youth smoking? Results of a segmented regression analysis of repeated cross sectional survey data in England, Scotland and Wales,” Tobacco Control, vol. 29, no. 2, p. tobaccocontrol-2018-054584, Apr. 2019, doi: https://doi.org/10.1136/tobaccocontrol-2018-054584. 
[16]

Eliane Zambon Victorelli, Cesar, Heiko Horst Hornung, and Alysson Bolognesi Prado, “Understanding human-data interaction: Literature review and recommendations for design,” International journal of human-computer studies, vol. 134, pp. 13–32, Feb. 2020, doi: https://doi.org/10.1016/j.ijhcs.2019.09.004. 
[17]

A. E. Karrar, “The Effect of Using Data Pre-Processing by Imputations in Handling Missing Values,” Indonesian Journal of Electrical Engineering and Informatics (IJEEI), vol. 10, no. 2, Apr. 2022, doi: https://doi.org/10.52549/ijeei.v10i2.3730. 
[18]

M. M. Delgado, “Predictive Customer Lifetime value modeling: Improving customer engagement and business performance,” repositorio.utdt.edu, 2023, Available: https://repositorio.utdt.edu/handle/20.500.13098/12029 
[19]

Mckinsey, “Customer Lifetime value: the Customer Compass | McKinsey,” www.mckinsey.com, Oct. 27, 2021. https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/customer-lifetime-value-the-customer-compass 
[20]

M. De Marco, P. Fantozzi, C. Fornaro, L. Laura, and A. Miloso, “Cognitive analytics management of the customer lifetime value: an artificial neural network approach,” Journal of Enterprise Information Management, vol. 34, no. 2, pp. 679–696, Feb. 2021, doi: https://doi.org/10.1108/jeim-01-2020-0029. 
[21]

N. Abdolvand, A. Albadvi, and H. Koosha, “Customer lifetime value: Literature scoping map, and an agenda for future research,” Social Science Research Network, Sep. 19, 2021. https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3926592 
[22]

C. Lion et al., “A LOYAL CUSTOMER: ASSSESSING THE TECHNIQUES FOR RETENTION AND A CONTINUED PATRONAGE,” INTERCONTINENTAL JOURNAL OF EDUCATION, SCIENCE AND TECHNOLOGY, vol. 8, no. 1, 2024, Available: https://www.globalacademicstar.com/download/article/a-loyal-customer-asssessing-the-techniques-for-retention-and-a-continued-patronage-90432.pdf 
[23]

M. EHSANIFAR et al., “Analysing the nexus between artificial neural networks and ARIMA models in predicting customer lifetime value (CLV) for complex development of society and industrial activities,” Industria Textila, vol. 73, no. 03, pp. 249–258, Jul. 2022, doi: https://doi.org/10.35530/it.073.03.202142. 
[24]

Dr. Mallikarjuna. Reddy Doodipala and J. R. Nidamaluri, “Understanding Consumer Behavior in the Retail Sector Using RFM Segmentation and Machine Learning: An Analysis,” European Economic Letters, 2024, doi: https://doi.org/10.52783/eel.v14i3.1783. 
[25]

S. V.D, “Predicting customer churn risks and optimizing retention investments using reliability and maintenance engineering,” Research portal Eindhoven University of Technology, 2018. https://research.tue.nl/en/studentTheses/predicting-customer-churn-risks-and-optimizing-retention-investme 
[26]

I. Nica, D. B. Alexandru, S. L. P. Crăciunescu, and Ș. Ionescu, “Automated Valuation Modelling: Analysing Mortgage Behavioural Life Profile Models Using Machine Learning Techniques,” Sustainability, vol. 13, no. 9, p. 5162, May 2021, doi: https://doi.org/10.3390/su13095162. 
[27]

Sumana Sharma Poudel, Suresh Pokharel, and Mohan Timilsina, “Explaining customer churn prediction in telecom industry using tabular machine learning models,” Machine learning with applications, vol. 17, pp. 100567–100567, Jun. 2024, doi: https://doi.org/10.1016/j.mlwa.2024.100567. 
[28]

B. P. Chamberlain, Â. Cardoso, C. H. B. Liu, R. Pagliari, and M. P. Deisenroth, “Customer Lifetime Value Prediction Using Embeddings,” Proceedings of the 23rd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining - KDD ’17, 2017, doi: https://doi.org/10.1145/3097983.3098123. 
[29]

K. Sai and Pasbunat, “Dynamic Churn prediction using Machine Learning in Telecom Industries,” 2023. Available: https://scholarworks.calstate.edu/downloads/2v23w232k 
[30]

J. Bauer and D. Jannach, “Improved Customer Lifetime Value Prediction With Sequence-To-Sequence Learning and Feature-Based Models,” ACM Transactions on Knowledge Discovery from Data, vol. 15, no. 5, pp. 1–37, Jun. 2021, doi: https://doi.org/10.1145/3441444. 
[31]

Y. Weng et al., “OptDist: Learning Optimal Distribution for Customer Lifetime Value Prediction,” arXiv (Cornell University), pp. 2523–2533, Oct. 2024, doi: https://doi.org/10.1145/3627673.3679712. 
[32]

K. Kumaran, P. Pathak, R. Haque, and P. Stynes, “A Machine and Deep Learning Framework to Retain Customers Based on Their Lifetime Value,” Big Data Analytics, pp. 91–103, 2022, doi: https://doi.org/10.1007/978-3-031-24094-2_6. 
[33]

H. A. Sakr, M. M. Fouda, A. F. Ashour, A. Abdelhafeez, M. I. El-Afifi, and M. Refaat Abdellah, “Machine learning-based detection of DDoS attacks on IoT devices in multi-energy systems,” Egyptian Informatics Journal, vol. 28, p. 100540, Sep. 2024, doi: https://doi.org/10.1016/j.eij.2024.100540. 
[34]

I. U. Ekanayake, D. P. P. Meddage, and U. Rathnayake, “A novel approach to explain the black-box nature of machine learning in compressive strength predictions of concrete using Shapley additive explanations (SHAP),” Case Studies in Construction Materials, vol. 16, p. e01059, Jun. 2022, doi: https://doi.org/10.1016/j.cscm.2022.e01059. 
[35]

J. Bian et al., “Machine Learning in Real-Time Internet of Things (IoT) Systems: A Survey,” IEEE Internet of Things Journal, pp. 1–1, 2022, doi: https://doi.org/10.1109/jiot.2022.3161050. 
[36]

S. Praveen, “Cloud-Optimized Fusion of Time Series and Machine Learning Models for Enhanced Real-Time Forecasting - NORMA@NCI Library,” Ncirl.ie, Sep. 2023, doi: https://norma.ncirl.ie/7101/1/sruthipraveen.pdf. 
[37]

W. Neussner, “Management and Measuring Customer Loyalty in Digital Marketplace—Analysis of KPIs and Influence Factors in CLTV,” Developments in Information & Knowledge Management for Business Applications, pp. 151–176, 2021, doi: https://doi.org/10.1007/978-3-030-76632-0_4. 
[38]

S. Bhattacharjee, U. Thukral, and N. Patil, “Early Churn Prediction from Large Scale User-Product Interaction Time Series,” arXiv (Cornell University), pp. 2079–2086, Dec. 2023, doi: https://doi.org/10.1109/icmla58977.2023.00314. 
[39]

S. Kumar, S. Khanna, N. Ghosh, and S. O. D. Kumar, “Importance of Artificial Intelligence (AI) and Robotic Process Automation (RPA) in the Banking Industry: A Study from an Indian Perspective,” Confluence of Artificial Intelligence and Robotic Process Automation, pp. 231–266, 2023, doi: https://doi.org/10.1007/978-981-19-8296-5_10. 
[40]

Z. Karimov, “Customer Behavior Analysis Using Big Data Analytics and Machine Learning,” Khazar.org, 2023, doi: http://hdl.handle.net/20.500.12323/7739. 
[41]

E. Felvegi, “Business computer information systems,” Hust.edu.vn, 2022, Available: https://dlib.hust.edu.vn/handle/HUST/22947 
[42]

J. Horne, “Should advertisers use generic ad content or specific ad content when marketing apartments with Google Ads?,” Carolina Digital Repository, Apr. 26, 2024. https://cdr.lib.unc.edu/concern/masters_papers/m039kg620. 
[43]

D. Chicco, M. J. Warrens, and G. Jurman, “The Coefficient of Determination R-squared Is More Informative than SMAPE, MAE, MAPE, MSE and RMSE in Regression Analysis Evaluation,” PeerJ Computer Science, vol. 7, no. 5, p. e623, Jul. 2021, doi: https://doi.org/10.7717/peerj-cs.623. 
[44]

N. Liu, J. Ahmed, and P. Gustafsson, “ML-based Realtime User Activity and Transport Mode Detection using Smartphone Sensors,” 2024. Available: https://www.diva-portal.org/smash/get/diva2:1905600/FULLTEXT01.pdf 
[45]

Z. Zhou, C. Qiu, and Y. Zhang, “A comparative analysis of linear regression, neural networks and random forest regression for predicting air ozone employing soft sensor models,” Scientific Reports, vol. 13, no. 1, p. 22420, Dec. 2023, doi: https://doi.org/10.1038/s41598-023-49899-0. 
[46]

R. Liang, C. Huang, C. Zhang, B. Li, S. Saydam, and I. Canbulat, “Exploring the Fusion Potentials of Data Visualization and Data Analytics in the Process of Mining Digitalization,” IEEE Access, vol. 11, pp. 40608–40628, 2023, doi: https://doi.org/10.1109/access.2023.3267813. 
[47]

J. Eriksson and E. Jakobsson, “Comparative Analysis of Machine Learning Libraries : Performance and Availability in Python, Scala, and Lua,” DIVA, 2024. https://www.diva-portal.org/smash/record.jsf?pid=diva2:1868706. 
[48]

C. L. E. Pessoa, V. H. Peres Silva, and R. Stefani, “Prediction of the self-healing properties of concrete modified with bacteria and fibers using machine learning,” Asian Journal of Civil Engineering, vol. 25, no. 2, pp. 1801–1810, Aug. 2023, doi: https://doi.org/10.1007/s42107-023-00878-w. 
[49]

F. Wu, J. Li, Q. Jia, H. Zhu, F. Yuan, and R. Tang, “Contrastive Multi-view Framework for Customer Lifetime Value Prediction,” arXiv (Cornell University), Jun. 2023, doi: https://doi.org/10.48550/arxiv.2306.14400. 
[50]

Shadha Al-Safi, “Customer Churn Prediction Based on Sentiment Score,” AUC Knowledge Fountain, 2024. https://fount.aucegypt.edu/etds/2306/. 
[51]

D. de Bont, “Geographical risk in the Dutch car insurance : a data-driven approach to measure regional effects on the claim frequency - University of Twente Student Theses,” Utwente.nl, 2022, doi: https://purl.utwente.nl/essays/93997. 
[52]

M. A. Alawsi, S. L. Zubaidi, N. S. S. Al-Bdairi, N. Al-Ansari, and K. Hashim, “Drought Forecasting: A Review and Assessment of the Hybrid Techniques and Data Pre-Processing,” Hydrology, vol. 9, no. 7, p. 115, Jun. 2022, doi: https://doi.org/10.3390/hydrology9070115. 
[53]

H.-Y. Chen, C.-T. Li, and T.-Y. Chen, “Skewness-aware Boosting Regression Trees for Customer Contribution Prediction in Financial Precision Marketing,” dl.acm.org, pp. 461–470, May 2024, doi: https://doi.org/10.1145/3589335.3648346. 
[54]

Q. H. Nguyen et al., “Influence of Data Splitting on Performance of Machine Learning Models in Prediction of Shear Strength of Soil,” Mathematical Problems in Engineering, vol. 2021, pp. 1–15, Feb. 2021, doi: https://doi.org/10.1155/2021/4832864. 
[55]

B. Vrigazova, “The Proportion for Splitting Data into Training and Test Set for the Bootstrap in Classification Problems,” Business Systems Research : International journal of the Society for Advancing Innovation and Research in Economy, vol. 12, no. 1, pp. 228–242, May 2021, Available: https://hrcak.srce.hr/ojs/index.php/bsr/article/view/17347 
[56]

Q. C. Song, C. Tang, and S. Wee, “Making Sense of Model Generalizability: A Tutorial on Cross-Validation in R and Shiny,” Advances in Methods and Practices in Psychological Science, vol. 4, no. 1, p. 251524592094706, Jan. 2021, doi: https://doi.org/10.1177/2515245920947067. 
[57]

P. Piotrowski, I. Rutyna, D. Baczyński, and M. Kopyt, “Evaluation Metrics for Wind Power Forecasts: A Comprehensive Review and Statistical Analysis of Errors,” Energies, vol. 15, no. 24, p. 9657, Dec. 2022, doi: https://doi.org/10.3390/en15249657. 
[58]

A. Hayat and M. R. Hasan, “A Context-Aware Approach for Enhancing Data Imputation with Pre-trained Language Models,” arXiv.org, 2024. https://arxiv.org/abs/2405.17712. 
[59]

Luca Garuffo, A. Leoni, R. Gatta, and S. Bernardi, “The Applications of Machine Learning in the Management of Patients Undergoing Stem Cell Transplantation: Are We Ready?,” Cancers, vol. 17, no. 3, pp. 395–395, Jan. 2025, doi: https://doi.org/10.3390/cancers17030395. 
[60]

P. Li, X. Rao, J. Blase, Y. Zhang, X. Chu, and C. Zhang, “CleanML: A Study for Evaluating the Impact of Data Cleaning on ML Classification Tasks,” 2021 IEEE 37th International Conference on Data Engineering (ICDE), Apr. 2021, doi: https://doi.org/10.1109/icde51399.2021.00009. 
[61]

M. K. Dahouda and I. Joe, “A Deep-Learned Embedding Technique for Categorical Features Encoding,” IEEE Access, vol. 9, pp. 114381–114391, 2021, doi: https://doi.org/10.1109/ACCESS.2021.3104357. 
[62]

B. Scarpa and P. Ferrazzi, “Customer Base Segmentation and a Baseline Approach to Mixed Effects Survival Forest Academic Year,” 2023. Accessed: Apr. 02, 2025. [Online]. Available: https://thesis.unipd.it/retrieve/fecbe64d-034d-4234-9312-8828ec11e49a/Ferrazzi_Pietro.pdf 
[63]

J. Abualdenien and A. Borrmann, “Ensemble-learning approach for the classification of Levels Of Geometry (LOG) of building elements,” Advanced Engineering Informatics, vol. 51, p. 101497, Jan. 2022, doi: https://doi.org/10.1016/j.aei.2021.101497. 
[64]

K. C. Onyelowe, T. Gnananandarao, and A. M. Ebid, “Estimation of the erodibility of treated unsaturated lateritic soil using support vector machine-polynomial and -radial basis function and random forest regression techniques,” Cleaner Materials, vol. 3, p. 100039, Mar. 2022, doi: https://doi.org/10.1016/j.clema.2021.100039. 
[65]

Z. Zhang, M. Zhang, X. Song, and Z. Li, “Image-based machine learning and cluster analysis for urban road network: employing Orange for codeless visual programming,” Geo-spatial Information Science, pp. 1–18, Jul. 2024, doi: https://doi.org/10.1080/10095020.2024.2377212. 
[66]

C. Manteigas and Nuno António, “Understanding and predicting lapses in mortgage life insurance using a machine learning approach,” Expert systems with applications, pp. 124753–124753, Jul. 2024, doi: https://doi.org/10.1016/j.eswa.2024.124753. 
[67]

E. B. Firmansyah, J. L. Rebelo Moreira, and M. Machado, “Forecasting Customers’ Risk-Adjusted Revenue: An Explainable Machine Learning Approach for the Telecommunication Industry,” SSRN Electronic Journal, 2024, doi: https://doi.org/10.2139/ssrn.4989545. 
APPENDICES
PROJECT MANAGEMENT
GanttChart[image: image54.png]Research Tasks

Research Timeline Gantt Chart

Results Analysis & Discussion

Model Development

Model Tes

g & Evaluation

Literature Review

Final Report Writing & Sub

Data Collection & Preprocessing

Research Methodology

Research Proposal & Problem Definition

Jan 2025

Feb 2025

Mar 2025

Apr 2025

May 2025

Jun 2025




The PM report also needs to include a Risk Analysis and minimisation strategy; changes made to the objectives of the project as set out in your Project Proposal Form with justification of why these changes were made.  

Ethics form 

Please insert your completed Ethics form in this section.

Logbook 

You are required to submit a Log Book as part of the PM report.  You are advised to purchase an Academic Diary where you can log daily activities, your thought trails, things to do, and any other details that help to support your ability to execute the research.  
Other Material

Appendices can also include any other additional but relevant information e.g. Copies of questionnaires or surveys

GLOSSARY
Glossary of Technical Terms

CLTV (Customer Lifetime Value): The predicted net profit attributed to the entire future relationship with a customer.

Feature Engineering: The process of creating new variables from existing data to improve model performance.

IQR (Interquartile Range): A measure of statistical dispersion, calculated as the difference between the upper (75th) and lower (25th) quartiles.

Linear Regression: A statistical model that examines the linear relationship between a dependent variable and one or more independent variables.

Log Transformation: A mathematical conversion that replaces a variable with its logarithm to reduce skewness and handle non-linear relationships.

MAE (Mean Absolute Error): The average of the absolute differences between predicted values and actual values.

MSE (Mean Squared Error): The average of the squared differences between predicted values and actual values.

One-Hot Encoding: A technique to convert categorical variables into a binary matrix representation.

Overfitting: A modeling error where the model performs well on training data but poorly on unseen data due to capturing noise rather than underlying patterns.

Policy Density: A derived feature representing the number of policies held by a customer divided by their tenure (vintage).

R² (R-squared): A statistical measure representing the proportion of variance in the dependent variable explained by the independent variables.

Random Forest: An ensemble learning method that operates by constructing multiple decision trees during training and outputting the mean prediction of the individual trees.

RMSE (Root Mean Squared Error): The square root of MSE, representing the standard deviation of prediction errors.

StandardScaler: A preprocessing technique that standardizes features by removing the mean and scaling to unit variance.

SVR (Support Vector Regression): A supervised learning algorithm that uses kernel functions to map the data into a higher-dimensional feature space.

Vintage: In insurance contexts, refers to the length of time a customer has been with the company.


