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ABSTRACT

The prediction of lapse rate in the life insurance industry holds significant importance for
insurers aiming to maintain profitability and retain a strong customer base. Accurate lapse
prediction will enable insurers to deploy personalised retention efforts, effective risk
management, and financial planning depending on the model’s results. The study explored
the use of Machine Learning (ML) techniques to predict lapse rates in life insurance. The
dissertation's main contribution was to empirically compare and benchmark 4 machine
learning classifier models (Logistic Regression, Gradient Boost, Random Forest, Support
Vector Machine). The study utilised secondary data that was obtained from Sanlam Namibia’s
database, including policyholder demographics, policy features, premium amounts, payment
frequency, lapse status, and other relevant information that could influence the lapse rate.
Different types of machine learning algorithms were used on the acquired data to assess their
performance in forecasting lapse rate. The study's findings showed that machine learning
methods can accurately predict the lapse rates in life insurance. The findings reveal the
ensemble model’s high predictive capacity. Gradient Boosting is the best overall classifier,
with a 94% and F1-Scor of 94% respectively. Furthermore, some key policy and clients’
characteristics were found to have substantial predictive potential for the lapse rate.
However, the limitations of the study must be considered. Finally, the study recommends
using ensemble models rather than single model classifiers because they are more effective

at predicting life insurance lapses.

Keywords: Support Vector Machine, Gradient Boost, Random Forest, Logistic regression,

lapse, machine learning, life insurance, lapse risk.
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CHAPTER ONE
INTRODUCTION

The prediction of lapse rates in the life insurance sector holds significant importance for
insurers aiming to maintain profitability and retain a strong customer base. Accurately
forecasting lapse rates, which refer to the percentage of policyholders discontinuing their
coverage prematurely, is essential for effective risk management and financial planning

(Smith, 2023; Johnson et al., 2019).

In the last few years, the application of machine learning algorithms has shown promise in
improving the accuracy of such predictions, offering potential advancements in the field
(Brown & Green, 2020; Lee, 2021). Both insurers and policyholders depend on accurate
insurance lapse forecasting. Ensuring financial stability for insurers, it acts as a proactive risk
management method (Loisel et al., 2021). By providing individualised solutions, this strategy
enables the retention of clients, thereby increasing client satisfaction (Hsieh & Chen, 2025).
Accurate lapse estimates also make it easier to comply with regulations and preserve the
insurer's standing in the market (Loisel et al., 2021). Due to accurate underwriting procedures,

balanced risk portfolios and improved pricing strategies are produced (Johnson et al., 2019).

Insurance companies can stay competitive in a changing market by adjusting their product
lineups and marketing tactics in response to lapse trends (Bauer et al., 2023). By refocusing
efforts on retaining loyal consumers or obtaining new ones, resources can be allocated more
effectively (Ferrario et al., 2023). The ability to adjust to market changes and consumer
behaviour is facilitated by data-driven decision-making in lapse prediction (Frees et al., 2022).
In the end, this strategy increases trust between insurers and policyholders and adds to long-

term profitability (Hernandez & Ma, 2019).

This study investigated the usefulness of Machine Learning (ML) classification models in
forecasting policy lapse risk in life insurance. The investigation trained and tested statistical
models using policyholder data, including demographics and coverage details. The cross-
validation and bootstrapping used to verify results are reliable. The study analysed the
historical backdrop of policy lapse risk in the sector, as well as how policyholder factors like

age and occupation affect lapse rate. This analysis was limited to a single dataset and did not
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consider external factors that may impact policy lapse risk. However, the study's findings have

potential benefits for life insurance companies.

1.1 Motivation of the study

The challenges posed by insurance lapses in the insurance sector are economically significant
since a lapse has a detrimental influence on the financial well-being of the role players. This
research can benefit industry participants such as financial intermediaries, insurance
underwriters, and administrators who operate in dynamic, unpredictable, and complex
environments. It is widely recognised that acquiring new clients is significantly more costly
than retaining an old client base (Poufinas & Michaelide, 2018). The study provides valuable
insights into the factors affecting lapse rates, thereby helping stakeholders to develop
effective strategies for managing high lapse rates and related risks. Lowering lapse rates helps
stakeholders retain customers and sustain their current client base, thus decreasing the

expenses related to acquiring new clients to replace those lost to lapses.

1.2 Problem statement

An increase in lapse rates directly affects various aspects of insurance operations, including
the company's financial stability, pricing strategies, and competitiveness. High lapse rates can
lead to adverse consequences such as the need for premium increases, potential financial
instability, damage to the company's reputation, and even insolvency (Huang & Sun, 2017;
Turner & Jenkins, 2018). To address these challenges and implement personalised retention
strategies, insurers must accurately predict lapse risks and understand cancellation
behaviour. The use of accurate predictive models is crucial for decision-makers in the
insurance sector to stay well-informed about future trends and make informed decisions. For
Sanlam Namibia, this is important for it to achieve its goals and ensure profitability and
customer retention. A better understanding and accurate prediction of policy lapse risks are
essential for improving and effectively managing lapse risk, as it has a significant impact on
the financial solvency of life insurance companies. This research employed ML techniques to

predict the lapse rate using historical data.
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1.3 Aim of the study

The study aimed to enhance the accuracy of predicting life insurance lapses through a
comprehensive evaluation of machine learning classification models and feature selection

techniques.

1.4 Research objectives and questions

1.4.1 Research objective
The main objective of this study was to assess the applicability and effectiveness of ML

classification models in accurately predicting policy lapse rates using historical Sanlam data.
The specific sub-objectives of the research were as follows:

1. Evaluate the effectiveness of different commonly used ML classification models for
forecasting life insurance lapses.

2. Identify and assess the most influential features in predicting life insurance lapses
through in-depth data analysis.

3. Examine the impact of specific policyholder characteristics, such as age and

occupation, on lapse likelihood.

1.4.2 Research questions
The main question guiding this research is: How can machine learning classification models

and feature selection techniques predict life insurance lapses?
The specific sub-questions addressed in this research were as follows:

1. Among the four commonly used machine learning classification models, namely
logistic regression, support vector machine, random forest and gradient boost, which
model demonstrates the highest effectiveness in predicting life insurance rates?

2. Which key features in the dataset significantly influence the prediction of life
insurance lapses?

3. How do policyholder characteristics such as age and occupation affect the likelihood

of a life insurance policy lapse?

1.5 Significance of study

The study's findings can assist Sanlam Namibia in making effective retention decisions based

on the models' results, hence reducing the risks associated with client loss. It can assist
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Sanlam in efficiently planning finances, reducing prediction uncertainty, and providing early
warnings of cancellations. Clients can benefit from lower premium rates and other benefits
associated with retention initiatives if model forecasts are right. The findings also add to the

existing academic literature.

1.6 Study scope and delineation

The study only focused on Sanlam Namibia; other insurance companies in Namibia were not
part of it. The study focused on developing and executing ML algorithms to predict life
insurance policy lapse rates within the specific context of the Sanlam Namibia environment.
The research obtained relevant data such as policy specifics, payment histories, and
demographic data from Sanlam Namibia's databases. After processing, the data were used to
create machine learning models. A predictive model was constructed by the study using a
variety of methods, and it was then trained and validated using various data subsets. To
evaluate the model's performance, evaluation measures were applied. The objective was to
provide Sanlam Namibia with informed recommendations on potential lapse mitigation
measures by identifying and analysing the key factors influencing lapse rates. The study
emphasised ethical considerations, admitted any shortcomings, and recommended directions

for future research.

1.7 Limitations of the study

The study focused on developing and executing machine learning algorithms to predict life
insurance policy lapse rates within the specific context of the Sanlam Namibia environment.
The population was limited to policyholders within Sanlam’s policyholders. This study did not
include policyholders from other insurance companies in Namibia. Instead, it relied on
relevant secondary data, including policy details, payment history, and demographic

information extracted from Sanlam Namibia’s database.

This study focused on predicting lapse rates in the life insurance industry by employing
machine learning algorithms as a predictive tool. The study was conducted within the context
of Sanlam Namibia, a prominent insurance company, aiming to enhance its understanding

and forecasting of lapse rates.
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Chapter one outlines the significance of accurate lapse rate predictions and the use of ML in
this context. The problem statement, questions, and objectives of the research are

introduced, and the limitations of the study are outlined.

Chapter two provides an in-depth review of the concepts of lapse rates in life insurance, the
factors influencing them, and the broader landscape of machine learning applications in the
insurance sector. Additionally, it surveys previous studies and case studies relevant to lapse

rate prediction.

Chapter three outlines the steps taken to gather and preprocess data from Sanlam Namibia.
It details the selection of variables, feature engineering techniques, and the choice of machine
learning algorithms for predictive modelling. Various evaluation metrics are described for
assessing model performance. Explanatory variables present an overview of numerous
insights and assumptions about lapse rates that have been evaluated in the literature. The
chapter presents a table listing all variables that have demonstrated or are expected to

experience a significant relationship with lapse rate.

Chapter four presents descriptive statistics and the outcomes of model training and
validation. These results are interpreted, thereby providing valuable insights into the

effectiveness of the chosen machine learning algorithms in predicting lapse rates.

Chapter five presents a comparison of the findings with existing literature and offers
implications for Sanlam Namibia and the broader insurance industry. Finally, the study
concludes by summarising key findings, acknowledging any limitations, and suggesting

directions for future research in this area.

1.8 Chapter summary

The chapter underscored the importance of accurately predicting life insurance policy lapses
for Sanlam Namibia and the broader industry. High lapse rates negatively impact profitability,
solvency, and acquisition costs, while precise predictions aid in reserving retention strategies
and regulatory compliance. The chapter highlighted recent literature, thereby suggesting that
machine learning (ML) classifiers such as logistic regression, support vector machines, random
forests, and gradient boosting can outperform traditional actuarial methods in predicting
lapses. The study aimed to evaluate the effectiveness of these ML models using Sanlam’s
historical data, guided by three sub-objectives: comparing ML models, identifying key

predictive features, and assessing the influence of policyholder attributes.
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Research questions were formulated to address these objectives, emphasising the practical
significance for Sanlam and its customers. The scope was limited to Sanlam Namibia’s
portfolio, acknowledging dataset constraints and excluding external macroeconomic factors.
Key limitations and ethical considerations were outlined to set realistic expectations for the
findings' generalisability. The chapter also previewed the structure of the dissertation,
including the literature review, methodology, results, discussion, and conclusion chapters.
With the research problem, objectives, and questions clearly defined, the groundwork is laid

for a thorough literature review in Chapter Two.

16



CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

The insurance sector plays a crucial role in the financial services industry, as it impacts
economic growth, promotes efficient resource allocation, reduces transaction costs, creates
liquidity, simplifies economies of scale in investment, and spreads financial losses. Insurance
is a contract between a policyholder and an insurer, in which the policyholder transfers the
risk of financial loss to the insurer, who undertakes the associated uncertainty (Haiss &

Simegi, 2020).

The prediction of lapse rates in life insurance is a critical concern for insurance companies, as
it directly impacts their financial stability, pricing strategies, and overall competitiveness. The
increasing use of ML algorithms offers a promising approach to enhancing the accuracy of
these predictions. This literature review explores various machine learning techniques, such
as support vector machine, logistic regression, gradient boosting, and Random Forest, used
in predicting lapse rates in life insurance, specifically focusing on a case study of Sanlam
Namibia, as well as the difficulties of implementing machine learning in the life insurance

sector.

The life insurance sector is essential to risk management, financial security for people and
families, and financial planning. To remain profitable and retain a strong customer base,
insurers must accurately predict lapse rates, which refer to the percentage of policyholders
who discontinue their coverage early. In the insurance industry, applying machine learning
algorithms has recently shown promise in terms of improving predictive accuracy. This
literature review primarily focuses on lapse risk in life insurance, commonly referred to as

churn, and how machine learning can be used to forecast lapse rate in life insurance.

In conducting this review, a comprehensive search was performed using academic articles,
abstracts, and resources from Google Scholar and the Namibia University of Science and
Technology (NUST) library. The main keywords guiding this review include Random Forest,
Logistic Regression, Lapse, Machine Learning, Linear Model-Logistic Regression-Binomial
Classification, Support Vector Machine-Kernel Function, and gradient boosting-Boosting
Ensemble. These keywords were chosen to ensure a broad and detailed examination of the

relevant methodologies and their applications in lapse rate prediction.
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This chapter also lays the groundwork for the research given in the remaining sections of the
thesis, including the models examined and the difficulties in applying machine learning to the
life insurance sector. This literature review aims to explore the existing body of research
concerning the utilisation of machine learning techniques for predicting lapse rates in life

insurance.

2.2 Sanlam Namibia - Insurance company

Sanlam Namibia is a significant financial services provider. It is an important player in
Namibia's life insurance business, providing a variety of policies designed to protect
consumers' financial well-being. As part of the larger Sanlam Group, the Namibian branch has
substantial issues in controlling and forecasting the lapse rate of life insurance contracts,
which can have a considerable impact on profitability and client retention tactics. Under these
circumstances, using machine learning algorithms to anticipate lapse rates helps to uncover
the potential for improving Sanlam Namibia's ability to identify high-risk policies and
implement target interventions. Sanlam can better understand the causes of policy lapses
and optimise its risk management processes by using predictive analytics, resulting in more
sustainable business operations. The study sought to investigate the application of machine
learning approaches in predicting lapse rates, using Sanlam Namibia as a case study, to

improve the accuracy of risk assessment and strengthen customer retention efforts.

2.3 Life insurance

A policy agreement between an insurer and a policyholder that offers protection for
individuals, groups, and pension plans is known as life insurance. A life insurance contract is
a formal arrangement that promises to make payments if one or more people pass away. The
insurer, the insured (whose lifetime determines the payment of benefits), the policyholder
(who begins the contract and pays the premium), and the beneficiary (who receives the
benefits) are the parties involved in the contract (Anifalaje, 2021). Typically, a life insurance
policy's policyholder pays premiums during their lifetime in exchange for the insurer's
promise to pay a certain amount to designated beneficiaries after the policyholder passes

away (Fontinelle, 2021).
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2.4 Life insurance products

Life insurance differs from other types of insurance by offering long-term benefits. These
products may offer benefits such as survival, death, or both. Common life insurance products
include pure endowment, life annuities, term, entire, and endowment insurance. A life
insurance contract has monetary components such as premiums, benefits, and expenses
(Anifalaje, 2021). Term life insurance, often known as temporary life insurance, provides
coverage for a specific number of years. This type of insurance provides a payment to
specified beneficiaries equal to the policy's face amount if the policyholder dies within its

term. If the policyholder does not die during the policy period, no payments will be made.

The policyholder is obligated to pay the insurance company regularly for the duration of the
policy or until death (Mariyam, 2025). Insurance companies have attempted to increase the
efficiency of product sales over time by using underwriting processes (Towiwat & Swierczek,

2024).

2.5 Insurance lapse and lapse rate

A lapse in the insurance sector is the termination of policy coverage because of unpaid
premiums (Baoilan et al.,, 2025). Every time a premium is late, a policy does not always
automatically lapse. Before the payment expires, the policyholder has a grace period to make
it. Should a claim be submitted within the grace period, the insurer is responsible for paying
the customer the benefit. To remain profitable and retain a strong customer base, insurers
must accurately predict lapse rates, which refer to the percentage of policyholders who

discontinue their coverage early (Baoilan et al., 2025).

In a broader sense, lapse covers partial and early terminations of contracts, as well as changes
to the frequency and size of premium payments. Due to the severity of this risk, lapse
hereafter refers to the complete and early termination of the contract initiated by the
policyholder. Given that the premium calculations are based on the contract continuing (and
paying premium) until the end of the specified term, it has a significant impact on an insurer's
asset liability management. If the contract is terminated early, then high acquisition costs may
remain unpaid. An insurance firm faces a serious risk because of higher-than-expected lapse

rates.

The possibility of a lapse is believed to account for up to 50% of a contract's fair value and is

one of the largest components of regulatory capital (Biagini et al., 2021). Therefore,
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accurately predicting lapse rates is significant. The likelihood of a lapse can impact contract
pricing, the insurer's required liquidity, and the regulatory capital that must be maintained

(Biagini et al., 2021).

Policyholders have the right to cancel a contract, a process known as a lapse. A key issue with
early lapses is that insufficient premium payments may have been made to cover the costs
associated with the insurance (Biagini et al., 2021). Losses from expired contracts are
incorporated into the calculation of new insurance prices to mitigate the negative effects of
lapses. Consequently, future rates will be adjusted to reflect the risk, which will be shared by
both current and future policyholders. According to Biagini et al. (2021), the option to lapse

may account for up to 50% of the contract's fair value in certain cases.

Policy-specific factors like entrance age, contract duration, gender, or sum insured can be
used to analyse a particular lapse behaviour in a certain contract as well as an individual.
However, since policyholder-specific data is frequently treated confidentially, there is a
limited number of studies that utilise such data. Eling and Kochanski (2022) provide a
comprehensive summary of the research on life insurance lapse, identifying 12 empirical
publications and 44 works on theoretical lapse models. Among the 12 empirical studies,
seven focused on macroeconomic variables, while four examined product and policyholder

characteristics.

2.6 Importance of predicting insurance lapse

Policy lapses introduce uncertainty and risk for insurers. This risk, known as lapse risk, stems
from the unpredictability and potential magnitude of policy terminations. Regulatory bodies
mandate insurers to maintain specified buffers of capital, termed regulatory capital, to

guarantee their ongoing operation and stability (Deng, 2022).

Both insurers and policyholders depend on accurate insurance lapse forecasting. Ensuring
financial stability for insurers acts as a proactive risk management method (Braun et al.,
2019). By providing individualised solutions, this strategy enables the retention of clients,
thereby increasing client satisfaction (Wade et al., 2016). Accurate lapse estimates also make
it easier to comply with regulations and preserve the insurer's standing in the market (Eling
& Kochanski, 2022). Owing to accurate underwriting procedures, balanced risk portfolios and

improved pricing strategies are produced (Deng, 2022).

20



Insurance companies can stay competitive in a changing market by adjusting their product
lineups and marketing tactics in response to lapse trends (West et al., 2020). By refocusing
efforts on retaining loyal consumers or obtaining new ones, resources can be allocated more
effectively (Wuthrich & Buser, 2019). The ability to adjust to market changes and consumer
behaviour is facilitated by data-driven decision-making in lapse prediction (Bruun et al., 2024).
In the end, this strategy increases trust between insurers and policyholders and adds to long-

term profitability (Eling & Kochanski, 2022).

2.7 An analysis of the factors influencing life insurance

This section explores the different factors that have an influence on the pricing and
underwriting of life insurance products. Insurance employs explanatory factors such as age,
gender, occupation, level of education, product type, payment method, income level, and
premium amount to assess the risk of insuring an individual and to reveal the likelihood of
their demise. The impact that these variables may have on the price of life insurance plans
and the processes used to calculate premiums is, therefore, examined. Understanding these
explanatory factors is crucial for both individuals purchasing a policy and insurance

companies’ pricing and underwriting them.

2.7.1 Demographics

Age, gender, education level, occupation, physical health, etc, are demographic variables that
affect the risk profile of potential life insurance and pension policyholders. Based on these
qualities, insurance companies set risk-reflective premiums using various premium tables

(Braun et al., 2019).

Using risk-rating parameters, life insurers group policyholders into risk categories, a process
known as risk pooling (Masiuk, 2025). To avoid exorbitant costs, the rating variables must be
impartial, verifiable, and affordable to calculate premiums (Masiuk, 2025). Both individuals
buying a policy and insurance companies pricing and underwriting them need to be aware of

these explanatory elements.

Risk-based pricing and risk sharing are the two guiding ideas for the supply of private
insurance based on demographics (Braun et al., 2019). As a result of higher underwriting
expenses, the risk-based pricing technique uses medical and specialised exams and questions
to calculate the cost for each policyholder. Risk categorisation can help to resolve this

problem (Xin & Huang, 2024). The second premise, known as risk sharing, entails paying
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premiums to share risk among people participating in risk pools, thereby enabling insurers to

diversify their risk (Tarr et al., 2023; Xin & Huang, 2024).

2.7.2 Age

Age is often considered a key risk factor in life insurance and pension pricing, as it is a
quantitative variable that is simple to assess and inexpensive to acquire (Lim et al., 2023).
Younger people are thought to have fewer health conditions that could cause mortality
because life expectancy declines with age. As a result, insurance companies charge older
applicants for insurance policies greater premiums and may not give insurance policies past

a certain age (Xin & Huang, 2024).

2.7.3 Gender

In the pricing structure, gender is also employed as a rating element, mostly for pension
products, and combined with more thorough medical underwriting (Fong, 2015). As a result
of research demonstrating that men have a higher mortality rate than women, insurers utilise
this data to grade insurance policies that cover risks that differ for men and women (Xin &
Huang, 2024). However, it is crucial to remember that the European Court of Justice issued
an EU Gender Directive in 2004 that called for equal treatment of men and women in the

supply and access to goods and services (B6ok et al., 2025).

2.7.4 Socio-economic factors

Socio-economic factors, including income level, education level, culture, health, way of life,
and occupational risks, have an impact on insurance costs. Insurance companies provide new
solutions to address these changing risks (Braun et al., 2019). For instance, accidents are a
common risk in many occupations. Based on estimates from the International Labour
Organization (ILO), accidents account for 30% of all work-related deaths worldwide, with
diseases accounting for the remaining 70% (Pega et al., 2021). Therefore, even if medical and
other criteria are positive, people in high-risk occupations may still have to pay a higher
premium (Xin & Huang, 2024). Overall, identifying the risk profile of policyholders and

establishing adequate risk-reflective rates depend greatly on demographic considerations.

2.8 Machine learning for lapse prediction

In recent years, there has been an increased interest in investigating the use of machine
learning (ML) approaches for lapse prediction in life insurance. ML algorithms provide various

advantages over traditional statistical methods, including the capacity to handle complex
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nonlinear relationships and the inclusion of several data formats, and potentially enhance

generalisability to previously unexplored data (Kim & Kim, 2020).

Several studies have proved the efficacy of machine learning for lapse prediction. Kim and
Kim (2020) found that Gradient Boosting models outperformed logistic regression in
predicting lapse behaviour. Their findings demonstrated the capacity of ML models to capture
complicated interactions between policyholder characteristics, product features, and
previous payment history. Random Forests were proven to effectively identify high-risk
policyholders based on demographic, behavioural, and economic characteristics (Rana &
Gupta, 2020). Regression models are commonly used to forecast lapse rates based on policy
and customer data, including age, gender, insurance type, and premium payment history

(Andaria et al., 2025; Ferrario et al., 2023).

These studies highlight the potential of ML for improving lapse prediction accuracy compared
to traditional methods. However, some gaps remain in the current literature, which

necessitated further exploration of advanced ML techniques in the present study.

2.9 Machine learning approaches

More uses of artificial intelligence (Al) and machine learning (ML) are likely to become
commonplace. According to the theory behind machine learning (ML) (Yang, 2023), robots
should pick up new skills and get better with practice. According to Burri Rama Devi (2019),
learning is generally divided into three types: supervised, unsupervised, and reinforcement
learning. An ML process, called supervised learning, employs a training dataset to instruct the
mapping from input features to target labels (labelled answers) by studying a variety of input-
output examples (Burri Rama Devi, 2019). In unsupervised learning, machine learning models
analyse input data to uncover patterns without the guidance of labelled targets (Burri Rama
Devi, 2019). The most popular machine learning (ML) technique in the insurance sector is

supervised learning (Burri Rama Devi, 2019).

Supervised learning is often divided into two types: classification and regression (Burri Rama
Devi, 2019). The response variable, whether numeric or categorical, distinguishes between
the two. Classification predicts categorical responses based on input-output examples,
whereas regression predicts continuous numeric responses (Ayodele, 2021). In supervised

learning, unbalanced data can occur when one class has fewer occurrences than the others.
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Researchers have focused on this scenario because of its prevalence in real-world applications

(Omar, 2022). The present study aimed to optimise binary classification issues.

Unsupervised algorithms, unlike supervised learning, analyse input data without the use of
predefined labels (Burri Rama Devi, 2019). Without supervision, it seeks out patterns and
structure in the data on its own. Unsupervised learning aims to find regularities, irregularities,
links, similarities, and linkages in input data by examining unlabelled data (Burri Rama Devi,
2019). The algorithm investigates the overall correlation between data clusters (Burri Rama
Devi, 2019; Ayodele, 2021). The most well-known challenges in unsupervised learning are

clustering and association rules (Ayodele, 2021).

There are further related difficulties, such as outlier and anomaly detection. This technique
identifies data instances that deviate significantly from predicted behaviour and patterns,

attempting to uncover exceptional occurrences that stand out from the norm (Omar, 2022).

The insurance business has benefited considerably from big data technologies, which enable
more efficient data collecting, processing, analysis, and management (Blier-Wong & Marceau,
2021). ML is a fast-developing topic with enormous potential for further application in
actuarial science (Blier-Wong & Marceau, 2021; Burri Rama Devi, 2019; Maier et al., 2019).

The present study employed supervised learning as a machine learning (ML) technique.

2.10 Machine Learning Models (MLM)

There have been extensive studies on predicting lapse rates in life insurance (Shamsuddin et
al., 2022). The current research used machine learning to analyse policyholder data for

patterns and trends that may indicate policy lapses.

Regression models are commonly used to forecast lapse rates based on customer and policy
variables, including age, gender, insurance type, and premium payment history (Andaria et
al., 2025). Previous researchers used decision trees to categorise policyholders as "likely to
lapse" or "not likely to lapse" (Malali, 2023; Wang et al., 2019). Insurance professionals
typically use Generalized Linear Models (GLMs), namely Logistic Regression (Xong & Kang,
2019; Loisel et al., 2021; Maynard et al., 2019; Wang, 2021a).

Other researchers suggest that ensemble models, which incorporate predictions from many
models, can enhance prediction accuracy (Grize et al., 2020; Loisel et al., 2021). Boosting and

bagging strategies can be applied to train multiple models on various data subsets and
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combine their predictions (Diana et al., 2019; Grize et al., 2020; Andaria et al., 2025; Loisel et
al., 2021).

Some studies have applied advanced ML methods such as support vector machines to
estimate lapse rates in life insurance (Groll et al., 2022; Xong & Kang, 2019). While promising,
these strategies may require additional data and computing resources to apply (Bolancé et

al., 2016; Diana et al., 2019; Grize et al., 2020; Maynard et al., 2019).

Numerous studies have employed various algorithmic techniques, including Regression and
Classification trees (Grize et al., 2020; Groll et al., 2022; Loisel et al., 2021), Elastic Net
regularisation (Groll et al., 2022; Loisel et al., 2021), Naive Bayes (Scriney et al., 2020), and
Random Forests (Bartl & Krummaker, 2020; Diana et al., 2019; Groll et al., 2022).

Several academic studies have assessed the performance of various models, including Bartl
and Krummaker (2020), Diana et al. (2019), Grize et al. (2020), Groll et al. (2022), Maynard et
al. (2019), Scriney et al. (2020), Yung Wang (2021b), Wuthrich and Buser (2019), Xong and
Kang (2019), and Groll et al. (2022). These have compared logistic regression to CART, neural
networks, Elastic-net, extreme gradient boosting, Support Vector Machine, and random

forest models for predicting churn lapses.

2.10.1 Logistic Regression (LR)

Logistic Regression is a modelling approach that utilises a link function to forecast the
probability of a binary outcome using one or more independent variables (Kgare, 2019). This
implies two possible results, such as 0 or 1; in the current study, these outcomes are lapse or
non-lapse (stay active) (Kgare, 2019). When working with a binary dependent variable (0 or
1), logistic regression becomes a crucial analytical method. In logistic regression, independent
variables (x) are linearly combined using weights or coefficient values to predict the
dependent variable (y). According to Kgare (2019), the logistic regression equation is

expressed as shown in Equation 2.1
. P
logit(y) =In (7) = Bo+Buxs +etBickic 21)
Where,

= v, represents the dichotomous outcome.
B X1, e e , Xk, are the predictor variables such as education, premium rate,

= entry age, occupation, gender, and product type.
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" Bo, By e e , Bx, are the regression coefficients for the model, 3, is the intercept.
= pisthe proportion of the data with lapse outcome, 1 - p is the probability of no

lapse (active).

2.10.2 Support Vector Machines (SVM)

Boser et al. (1992) introduced the support vector machine (SVM) at the fifth annual workshop
of the Association for Computing Machinery. SVM research has grown in popularity within
the field of machine learning. It is well-known for its high data classification abilities (Ndungi,

2023).

SVMs address both linear and nonlinear problems using kernel functions that transform data
into separable forms (Ndungi, 2023). Common kernels include linear, RBF, polynomial, and
sigmoid. SVMs require careful parameter tuning, including the regularisation parameter (C)
and kernel-specific parameters like gamma, with grid search being a common method for

optimisation abilities (Statinfer, 2019).

SVMs offer several advantages, such as the ability to work in high-dimensional spaces, low
risk of overfitting, effectiveness when class separation is clear, and the capacity to handle
complex problems with suitable kernel functions. However, they also have disadvantages,
including the challenge of selecting an appropriate kernel function and the tendency to
underperform when the number of attributes exceeds the number of data samples (Statinfer,

2019).

2.10.3 Random Forest

Itis an ensemble learning model introduced by Breiman (2001). It combines multiple decision
trees (DTs) using bootstrap sampling, where each tree is built by randomly selecting features
and training on different data subsets. The trees vote on the most popular class, and the
overall accuracy improves through the aggregation of individual trees' predictions (Groll et

al., 2022).

Advantages of RF include its ability to handle large, high-dimensional datasets, robustness to
overfitting, insensitivity to outliers, and capacity to work with both classification and
regression problems (Groll et al., 2022). RF does not require feature scaling, can manage
missing data, and is easy to set up. However, it can be slow to run and may show bias towards

categorical values (Groll et al., 2022).
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2.10.4 Gradient Boosting

It is a classification model that combines decision trees (DTs) sequentially, with each tree
correcting the errors of the previous one, unlike Random Forest (RF), where trees are built
independently (Bentéjac et al., 2019). This process reduces the ensemble's overall loss
function through gradient descent. However, GB's iterative nature requires careful tuning of

regularisation parameters to prevent overfitting (Bentéjac et al., 2019).

The methods frequently outperform traditional machine learning models. Moreover, there is
no need to normalise or standardise features. However, these methods can be time-
consuming to execute, are enhanced sequentially rather than concurrently, and are

vulnerable to outliers (Bentéjac et al., 2019).

2.11 Machine learning challenges

This section explores common machine learning issues and the approaches used to address
them. Specifically, it examines overfitting, class imbalance, and missing data. Methods for
handling missing data in machine learning models are discussed, along with the limitations of

text analysis and strategies for its effective application within machine learning contexts.

2.11.1 Overfitting

Overfitting refers to a model's ability to perform a certain task and generate accurate
predictions on unknown data (Guido, 2016). A model's ability to learn and perform well on
training data can have an impact on its ability to predict fresh data (Guido, 2016). This is
observed when a model excels on training data but underperforms on testing data.
Inconsistencies in the dataset, limited training sets, and classifier complexity can induce
overfitting, while underfitting happens when the model is too simple and has low accuracy
(Journal of Physics & Ying, 2019; Low et al., 2025). Cross-validation can help prevent
overfitting (Low et al., 2025). This method generates multiple smaller subsets from the

training set and leverages them to improve the model (Low et al., 2025).

2.11.2 Class imbalance

Unbalanced data is a common challenge in machine learning classification problems, where
observations are not evenly distributed among classes (Arnold et al., 2025). Imbalance can
negatively affect the performance of machine learning algorithms, which need a balanced

representation of classes to produce correct predictions. Real-world datasets frequently have
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imbalanced class distributions, with one or more classes being under- or over-represented

(Tsai et al., 2022).

Imbalanced data refers to a majority class with more samples than the minority class (Tsai et
al., 2022). This can result in a biased prediction model that favours the majority class over the
smaller class. Certain strategies have existed to address these matters, including using data-
sampling methods to alter the training data (Kim & Hwang, 2022). These approaches can
restore balance by randomly under-sampling the majority or over-sampling the minority (Kim

& Hwang, 2022; Tsai et al., 2022).

SMOTE (Synthetic Minority Over-sampling Technique) is a prominent approach for over-
sampling (Xie et al., 2019). SMOTE creates synthetic minority samples by interpolating existing
samples (Xie et al., 2019). Shumaly et al. (2020) discovered that under-sampling

outperformed random sampling for predicting churn on unbalanced datasets.

2.11.3 Missing data

Missing data poses a challenge for machine learning, potentially reducing model accuracy
(Roy, 2019). It can be addressed through deletion or imputation. Deletion methods, such as
listwise deletion, are suitable for data missing completely at random (MCAR) in large datasets
but risk losing valuable information in smaller datasets (Norazian, 2021; Roy, 2019). MCAR
data can be imputed using mean or mode values (Gelman, 2010). For data missing at random
(MAR), where missingness relates to observed variables, multiple imputation is effective,
thereby generating and combining multiple predictions (Norazian, 2021). For missing not at
random (MNAR) data, where missingness depends on unobserved values, specialised

handling is required (Norazian, 2021).

2.12 Chapter summary

Numerous studies (including those Bartl & Krummaker, 2020; Dana et al., 2019; Grize et al.,
2020; Loisel et al., 2021; Maynard et al., 2019; Scriney et al., 2020; Wang et al., 2019; Wuthrich
& Buser, 2019; Xong & Kang, 2019) have compared the performance of various models for
lapse prediction in insurance. For instance, Groll et al. (2022) evaluated logistic regression,
Classification and Regression Tree (CART), neural networks, Elastic-net, extreme gradient
boosting, Support Vector Machine, and random forest models for churn management-related

lapse prediction.
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Accurate lapse rate prediction is critical in insurance operations, as high lapse rates can lead
to increased premiumes, financial instability, reputational harm, and even insolvency (Johnson
et al., 2019). To mitigate these risks, insurers are adopting machine learning techniques to
develop personalised retention strategies (Johnson et al., 2019). Machine learning has
demonstrated its effectiveness across diverse fields, making it a promising tool for predicting
lapse rates (Rana & Gupta, 2020). These models utilise historical data, such as demographics
and purchasing behaviours, to enhance predictive accuracy Li & Chen, 2021; Wang et al,,
2019). Techniques like decision trees, random forests, and neural networks have shown

significant applicability in this domain (Hernandez & Ma, 2019; Kim & Kim, 2020).

Despite their promise, implementing machine learning in life insurance presents challenges,
including issues with data quality, model interpretability, and the need for continuous
updates to align with changing market conditions (Peddamukkula, 2024). A study by
Shamsuddin et al. (2022) found a growing trend in research on life insurance lapse risk, with
84.4% of 178 analysed papers discussing this topic. Popular approaches include machine
learning, pricing strategy, agent behaviour analysis, stochastic interest rate modelling, and

logistic regression.

Research has addressed questions such as the determinants of lapse rates and the potential
of machine learning classification models for prediction. However, gaps remain, particularly
in the development of advanced predictive models. Despite these advances, gaps remain in
interpretability, feature engineering, and integration with explainable Al (XAl) techniques
(Peddamukkula, 2024). Addressing these gaps can enhance model transparency, compliance,
and actionable insights, paving the way for more effective and responsible applications of ML
in the insurance industry. Future studies could focus on integrating cutting-edge machine
learning algorithms to enhance accuracy and adaptability. Current research remains in its
early stages, necessitating further work to improve model performance and understanding of
the factors influencing lapse rates. This research aimed to advance lapse rate prediction
through sophisticated machine learning algorithms using a case study on Sanlam Namibia.
This study sought to benefit the company while contributing to industry-wide improvements
in managing lapse rates, thereby offering a more precise and timely approach to addressing

this critical issue.
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CHAPTER THREE

RESEARCH METHODOLOGY

3.1 Introduction

This chapter outlines the approach and techniques used to predict life insurance policy lapse
rates at Sanlam Namibia. The study focused on forecasting whether a policyholder's insurance
policy will lapse or remain active, which is vital for managing risks and optimising profitability.
The section outlines the research design, data collection, pre-processing, feature selection,

model development, and evaluation methods used in the study.

The methodology for addressing this problem involved several key steps. A comprehensive
literature review (Chapter Two) was conducted to identify important explanatory variables
and challenges associated with lapse risk. Following the literature review, a dataset
comprising policyholder information, including demographics, financial details, and policy
variables, was collected and pre-processed. This dataset was then utilised to train and

evaluate machine learning algorithms for predicting lapse risk.

In essence, this chapter provides a detailed overview of the methodology used to address the
binary classification problem of lapse risk in the life insurance industry. It covers identifying
relevant explanatory variables, preprocessing large datasets, evaluating and optimising

machine learning models, and interpreting results.

3.2 Research paradigm

This study adopted a positivist research paradigm, which is rooted in the belief that reality is
objective and can be measured through empirical observation and statistical analysis. The
positivist paradigm is particularly suitable for studies that seek to explain phenomena using
guantifiable data and objective measurements (Dudovskiy, 2021). Given that the goal of this
research was to predict lapse rates in life insurance policies using machine learning algorithms
based on historical policyholder data, the positivist approach was appropriate. It allowed for
a structured and systematic investigation of the relationships between input variables and

policy lapse behaviour (Dudovskiy, 2021).
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3.3 Research approach

A quantitative research approach was employed to investigate the problem. Quantitative
methods are typically used when the aim is to measure the extent or frequency of certain
phenomena and test hypotheses using statistical tools (Dudovskiy, 2021). In this study,
historical data from Sanlam Namibia were analysed using machine learning algorithms to
develop predictive models. The quantitative approach facilitated the use of mathematical
computations, accuracy assessments, and performance comparisons across various models,
allowing for an evidence-based determination of the best-performing algorithm for predicting

policy lapses.

3.4 Research design

The study utilised an experimental and predictive modelling design. This design involved the
collection and transformation of historical data, the application of various machine learning
techniques, and the systematic evaluation of the models. Predictive modelling design is
appropriate for studies that aim to forecast future events based on historical patterns (Oscar,
2021). In this case, the model was trained on labelled data to identify patterns associated with
policy lapses. The design allowed for rigorous testing and comparison of machine learning
algorithms such as logistic regression, support vector machine, random forest, and gradient

boosting, using predefined performance metrics.

3.5 Data collection

Data were collected from the internal database of Sanlam Namibia, a leading life insurance
provider. The dataset consisted of records from January 2022 to August 2023 and included
information on 16,975 unique policyholders classified as major members. Variables captured
in the dataset included policyholder demographics (such as age and gender), policy details
(such as policy start and end dates), premium amounts, payment history, lapse status, and
other relevant features. The data were obtained with the necessary permission and in
adherence to ethical standards, thereby ensuring the use of reliable and authentic sources.
The collected dataset served as the foundation for training, validating, and testing the

predictive models.
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3.6 Data preparation

Data preparation is an important procedure in ML that converts raw data into usable input.
The structure and scale of input data greatly impact the effectiveness of machine learning
models and approaches. Inconsistencies in real-world datasets can negatively impact model
performance. Pre-processing improves the quality and usability of data for machine learning
analysis (Garcia et al., 2015). The researcher used descriptive statistics to better comprehend
the data structure. To prepare for modelling, a data audit was conducted to remove

inconsistencies such as outliers, mistakes, erroneous date formats, and duplication.

3.6.1 Data source

Historical lapse data from the Sanlam Namibia database were used as model inputs. The
dataset comprised policyholder demographics, policy details, premium amounts, payment
history, lapse status, and other variables potentially influencing lapse rates. Initially, the
dataset included 10 categorical and 3 numerical variables, representing a total of 16,975
unique policyholders who were classified as major members. To enhance the predictive
power and resilience of the models, additional feature engineering was performed. This
involved creating new variables and transforming existing ones. For instance, region and
occupation sector variables were derived from town names and job titles, respectively. The

dataset covered policy records from January 2022 to August 2023.

3.6.2 Imputation of missing data

In the dataset, there were missing values for key attributes such as age. To address this issue,
the researcher employed an imputation strategy using the available information. Specifically,
forinstances where the age attribute was missing, the date of birth (DOB) variable was utilised
to calculate the age as indicated in Figures 2 and 3. This was done by subtracting the year of
birth from the current year or the date of data collection to derive an accurate estimate of
age. This approach allowed for the effective completion of missing data fields, thereby
enhancing the dataset’s completeness and reliability. By leveraging the contextual clues
provided within the existing data, the researcher was able to minimise the impact of missing

values, ensuring a more robust data analysis and valid research outcomes.
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Figure 2: Dataset with missing values after imputation

3.6.3 Replacing outliers

The dataset had an outlier with a basic salary value of -11470.42. To address the outlier in the
Earning Basic Salary attribute, specifically the single negative value of -11470, the researcher
removed it from the dataset. Negative salaries are not realistic and likely represent a data
entry error. Since it could not be corrected due to a lack of reliable information, removing the
outlier ensured that it would not distort the statistical analysis. This change improved the

dataset's correctness and integrity, allowing for more accurate research conclusions.

3.6.4 Feature engineering

In the data transformation phase of the pre-processing for the analysis, the researcher
employed feature engineering techniques to enhance the dataset's usability for machine
learning. The researcher derived two new variables by grouping towns based on their
respective regions and categorising occupations according to their occupational sectors. This
was done through existing attributes in the dataset, such as the names of towns and the
specific job titles of individuals. This transformation not only enhanced the dataset's structure

and interpretability but also expanded the information accessible for future modelling,
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allowing for more in-depth assessments of regional and occupational dynamics within the

study.

3.6.5 Encoding of categorical variables

Categorical variables were converted to numerical variables using one-hot encoding, which is
ideal for nominal categories. This method creates dummy variables (0, 1) based on the
categories of a feature. First, categorical variables are converted into integers, typically based
on their alphabetical order, with integer values ranging from 0 to n-1, where n is the number

of unique classes.

For example, as per Figure 4 below, gender has two distinct characteristics: male and female.
If a code of 0 means "not female," then a value of 1 means "female". According to Kuhn and

Johnson (2013), a code of 1 indicates "male," while a code of 0 indicates "not male."

One-hot encoding is an effective approach for transforming categorical data into numerical
values for machine learning models. However, this technique can result in strongly linked
characteristics called collinearity. This happens when the same information is represented
several times using the new binary variables. Collinearity might complicate interpreting the
individual effects of predictor factors and impact parameter estimates. To reduce collinearity,
it may be required to delete one-hot encoded features with a strong correlation. For example,
if the male column is 0, recording a 1 for male already indicates whether the person is female.

Double representation can cause instability in modelling (Kuhn & Johnson, 2013).

Gender Male Female
Male 0
Female
Male —_—
Male

Female

(e =T = Y S e T =
o= |lo o=

Male

Figure 3: One-Hot encoding example. Source: Hutcheson (2011)

3.7 Feature Selection

Reducing dimensionality in machine learning can significantly improve algorithm

performance. Feature selection is a frequent pre-processing way to do this. This method
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identifies key dependencies and correlations between input and target features to reduce
redundant features, reduce learning time, improve classification accuracy, and prevent

overfitting (Haar et al., 2019).

In supervised learning, identifying the most essential characteristics for predicting the target
feature is crucial, as each feature is assigned a class label. Feature selection involves selecting
a subset of original features based on specific evaluation criteria. Feature selection offers
benefits such as improved data quality, reduced computing time, enhanced prediction

performance, and efficient data collection.

3.7.1 Chi-Square

The Chi-Square filter approach is commonly used for feature selection in machine learning.
The Chi-Square statistical test assesses dependence between two categorical variables. This
test is used in feature selection to evaluate the correlation between input features and target
variables in classification problems. The test uses the Chi-Square statistic to determine which
traits are most useful and relevant for classification. This strategy is frequently used in
conjunction with other feature selection techniques to produce the best results (Singhal &

Rana, 2015).

Despite having only 12 variables after dummy construction, feature engineering methods
were applied to select relevant features for predicting the target variable. The Chi-Square test
was used to compare models by evaluating the relationship between factors and the target,
ranking the variables based on their importance, and assessing their dependence on the

target.

3.8 Procedure of ML application

Machine learning relies heavily on using various predictive algorithms. Predictive modelling
uses mathematical approaches to analyse a dataset with a target variable and predictors
(Cheek et al., 2023). The approach aims to use statistical tools to select the optimal model for
predicting performance. A model's performance is assessed by its ability to accurately
forecast unknown data (Breiman, 2001; Kuhn & Johnson, 2013). According to Kuhn and
Johnson (2013) and Cheek et al. (2023), the process of using machine learning to predict lapse

rates in life insurance involves the following important steps:
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Figure 4: Machine learning steps: Source: Author

3.8.1 Data collection

The initial stage of the study involved the collection and organisation of relevant data, which
included information on policyholders, policy details, and historical lapse records. This data
was obtained directly from Sanlam Namibia, serving as the primary and trusted source to
ensure the quality and reliability of the prediction model. The data collection process played
a critical role in the development of an effective machine learning model, as high-quality input
data is essential for generating accurate and meaningful predictions (Hastie et al., 2009). As
emphasised in the literature, gathering data from reliable and authoritative sources enhances

the validity and robustness of predictive modelling efforts (Smith, 2023; Johnson et al., 2019).

3.8.2 Data pre-processing
This involves handling missing values, outliers, cleaning and structuring the data, as well as
introducing additional variables or features relevant to the prediction task. This step

collectively forms a crucial foundation for effective data analysis and modelling.

3.8.3 Feature selection

This pertains to the use of feature selection approaches to determine the most significant
aspects for lapse rate prediction. This can be accomplished by techniques such as correlation

analysis, recursive feature elimination, or other feature selection algorithms (Armas et al.,

2022).
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3.8.4 Splitting the dataset
The dataset was divided into two sets: training and testing. The training set was used to train
the machine learning model, while the test set was used to assess its performance (Lawson &

Smith, 2023).

3.8.5 Model selection and training

Considering the features of the dataset and the unique needs of the prediction task, quite a
few machine learning algorithms were evaluated, including Linear Regression, Random
Forests, and Gradient Boosting. The models were trained on a portion of the dataset. At this
phase, the selected machine learning model was trained using the training dataset. The model
would learn the patterns and relationships between the input features (past data) and the

target variable.

3.8.6 Model evaluation
To evaluate the trained models, metrics such as accuracy, precision, recall, and F1 score were
used. This evaluation was performed on a separate test subset to ensure an unbiased

performance assessment on new data.

3.8.7 Model improvement

Iterating and refining the model is an important aspect of designing an accurate and reliable
prediction machine learning model. If the model's performance is not adequate, it may be
essential to return to the previous steps and iterate on them to enhance the model. This could
include gathering more data using an alternative algorithm or fine-tuning the model's
parameters. It is vital to note that the algorithm's performance is dependent on the quality
and representativeness of the dataset, as well as the machine learning model's proper
selection and tuning. Regularly monitoring and upgrading the algorithm with new data will

assist in ensuring its usefulness in predicting the lapse rate in the future.

3.8.8 Model deployment and monitoring

The greatest model was put into operation to forecast lapse rates in life insurance policies at
Sanlam Namibia. This could include incorporating the model into an insurance company's risk
management processes or developing a user-friendly interface for policyholders to access
predictions. Continuous monitoring of the model's performance can be implemented, and

any necessary adjustments or refinements will be made to ensure its accuracy and

37



effectiveness over time. This iterative process of monitoring and adaptation ensures that the

model remains reliable and aligned with the evolving dynamics of the insurance landscape.

3.9 Model selection and training
In this study, an 80/20 data partitioning strategy was used, where 80% of the data was

allocated to train the models and 20% for validation. The training set allowed the models to
learn patterns and relationships within the data, while the validation set was used to assess
model performance and prevent overfitting. This approach also facilitated hyperparameter
tuning to improve the models' predictive accuracy and generalisation to unseen data, thereby

ensuring robust and reliable outcomes.

3.9.1 Performance evaluation criteria

All models were evaluated based on their accuracy and statistical power. The models were
critically evaluated using a confusion matrix, also known as a classification matrix. A confusion
matrix evaluates classifier models and offers insights into their predictions. This study
thoroughly examined numerous critical metrics for evaluating predictive performance. It
looked specifically at accuracy, sensitivity, specificity, positive predictive values, and negative
predictive values. This extensive investigation offers an in-depth comprehension of the

prediction capabilities of the model.

The accuracy rate, which indicates the proportion of correct predictions out of all cases. As
stated by Rung et al. (2020), was calculated using the classification matrix and the formula
below.

TP+TN
TP+TN+ FP +FN

Accuracy =

Where:
TP = True Positive

TN =True Negative

FP =False Positive

FN = False Negative

Precision or positive predicted value represents the ratio of true positives to the total number

of positive predictions. It indicates how many of the predicted positives were correct.
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TP

Precision = ———,
TP+FP

Sensitivity or recall is defined as the ratio of true positives to the total of actual positives. A
low recall signifies a high rate of false negatives.

TP

Recall = ———
TP+FNn

)

Specificity is determined by dividing the number of true negatives by the total number of
negatives. A higher specificity suggests that the model performs well in detecting true

negatives.

TN
TN+FP’

Specificity =

Misclassification error (ME) represents the fraction of misclassified predictions in relation to

the total number of observations.

TN+FN
ME = )
TN+TP+FN+FP

The Fl-score, also known as the F-measure, quantifies the balance between precision and

recall, and is given by the formula below.

Precison*Recall )
)

Flscore =2 *(

Precision +Recall

3.10 Data analysis process

The data analysis process involved multiple stages. First, data pre-processing was conducted
to handle anomalies such as missing values and outliers. For instance, a negative basic salary
value (-11,470.42) was identified and removed as it was unrealistic and could not be
corrected. Missing age values were imputed by calculating the age from the date of birth,
thereby improving data completeness and consistency. Feature engineering techniques were

then applied to create new variables, such as region and occupation sector, derived from
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existing attributes like town names and job titles. These transformations enhanced the

predictive capacity of the models.

Following data preparation, the dataset was split into training and testing sets using an 80:20
split ratio, and cross-validation was used to ensure robust model performance. Machine
learning algorithms, including logistic regression, support vector machine, random forest, and
gradient boosting, were trained and tested on the dataset. Models were evaluated using
performance metrics such as accuracy, precision, recall, and F1-score. These metrics provided
insights into each model’s ability to correctly classify policyholders as likely to lapse or not,

supporting objective comparisons.

To ensure the validity of the findings, real-world data from a credible source (Sanlam Namibia)
were used, and model evaluations followed industry-standard practices. Reliability was
maintained through consistent application of preprocessing methods and algorithm

parameters, as well as repetition of analyses to check for consistency in outcomes.

3.11 Software

In this study, Power Bl and Python were used as tools for Exploratory Data Analysis (EDA),
thereby providing useful insights into the information through visualisations and summaries,
and assisting in the identification of patterns, trends, and irregularities. Julia programming
language was used as a tool to build and evaluate predictive models by exploiting its
comprehensive libraries and computational efficiency. These tools enabled the development

of accurate and scalable models, which provided deeper insights into the study concerns.

3.12 Ethical considerations

Ethical considerations were strictly observed throughout the research process. The data used
in this study were obtained with formal permission from Sanlam Namibia, and all datasets
were anonymised to protect the privacy of individual policyholders. No identifiable personal
information was included in the analysis. Ethical clearance was obtained from the university’s
research ethics committee prior to commencing the study. The principles of confidentiality,
informed consent, and non-maleficence were upheld, and the data were stored securely with
limited access to ensure confidentiality. Since the study did not involve direct interaction with
human subjects, the risk to participants was minimal, and ethical integrity was preserved

throughout.
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3.13 Chapter summary

This chapter outlined the methodological framework adopted to predict lapse rates in life
insurance policies using machine learning, with a specific focus on Sanlam Namibia. Guided
by a positivist paradigm and a quantitative approach, the study employed an experimental
and predictive modelling design. The methodology was structured into multiple phases,
including data collection, preprocessing, feature selection, model training, evaluation, and
deployment. Data obtained from Sanlam Namibia served as the foundation for model
development, which was conducted using robust data analysis techniques and supported by
ethical research practices. This structured approach ensured that the research was
scientifically sound, ethically responsible, and aligned with best practices in predictive
analytics. Furthermore, the methodology was designed to meet the research objectives by
enhancing prediction accuracy and supporting risk management strategies within the
insurance sector. The table below summarises the relationship between the study

components, tools used, and the anticipated outcomes.

Table 1: Summarized methodology

Research Questions

What is the performance of
the four commonly used ML
models, namely logistic
regression, support vector
machine, random forest and
gradient boost in predicting

life insurance lapses?

Which key features in the
dataset significantly
influence the prediction of

life insurance lapses?

Tools/Tasks/Activities

Data preprocessing using
Julia

Model training and
evaluation using algorithms
(e.g., Logistic Regression,
Random Forest, Gradient
Boost)

Model performance analysis
using metrics like accuracy,
precision, recall, F1-score
Feature importance analysis

using chi-square or decision

41

Outcome/Criteria

Identification of the best-
performing ML model based

on evaluation metrics

List of ranked key features

and analysis of their



How do policyholder
characteristics such as age
and occupation affect the
likelihood of a life insurance

policy lapse?

tree

Exploratory Data Analysis
(EDA) using Python.
Statistical analysis (e.g.,
correlation and
crosstabulation) on
policyholder data
Predictive modelling using

relevant features
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contribution to predictive

performance improvements

Insights into the role of
policyholder characteristics
and their predictive power

in assessing lapse risk



CHAPTER FOUR

RESULTS ANALYSIS

4.1 Introduction

This chapter discusses the process of developing predictive models. The chapter begins with
an Exploratory Data Analysis (EDA) to identify relevant patterns and relationships in the
dataset. The EDA serves as the foundation for comprehending the data and guiding the model
development process. Following the EDA, the chapter evaluates the predictive models
developed. The findings section contains a detailed analysis and evaluation of the models'
performance during the training and validation stages. The discussion focuses on the
relevance of these findings, which provide insight into the models’ effectiveness and
limitations. Comparisons of training and validation results are also shown, highlighting the

models' capacity to generalize to new data and their potential practical applications.

4.2 Impact of policyholder characteristics on lapse rate

4.2.1 Target variable

The target variable was constructed as a binary variable, indicating whether an insurance
policy status had lapsed (coded as 0) or not (coded as 1) at the date of analysis. Figure 5 below
presents the distribution of active contract policies against lapsed ones. The comparison
between active and lapsed policies revealed a significant retention issue, with 10,547 lapsed
policies compared to 38% (6,428) active ones, indicating that over 62% of policies have lapsed.
This imbalance highlights the urgent need for initiatives to reduce the high lapse rate and

increase policyholder retention.

Policy Status Distribution
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Figure 5: Target variable. Source: Author
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4.2.2 Demographics distribution

Figure 6 below shows the gender distribution of lapsed life policies, with 53% held by males
and 47% by females. This indicates that male policyholders are slightly more likely to lapse
their policies than females, suggesting possible gender-related trends in policy management

or financial behaviour, though the difference is not substantial.

Policy Lapses by Gender

Gender
I Female: 4996
[ Male: 5551

Figure 6: Lapses and Gender. Source: Author

Figure 7 below illustrates the distribution of life insurance policy lapses across various regions
in Namibia, with Khomas having the highest number of lapses (31%), likely due to its large
population or economic factors. Erongo and Oshana also show relatively high lapse rates, with
15% and 14% lapses, respectively. In contrast, regions like Zambezi, Kavango West, and the
international category have significantly lower lapse percentages, reflecting regional
differences in policy management or economic conditions. Additionally, 21% of lapses fall

under the "No Address" category, possibly due to incomplete or outdated client information.

Figure 8 below shows a map of Namibia with its respective regions, thus providing a clear
visual representation of the country's geographical layout. This map highlights the spatial
distribution of various regions across the country. These visualisations collectively emphasise
the geographical variation in policy lapses, which is crucial for understanding regional trends

and formulating strategies to address lapses in life insurance policies.
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Figure 9 below depicts the distribution of life insurance policy lapses across various age
groups, revealing that the 50+ age group experiences the highest lapse rate, with 35% lapses.
This trend may be attributed to life stage transitions such as retirement or reduced income,
which can affect the ability to maintain premium payments. The 40-44 and 35-39 age groups
also demonstrate elevated lapse counts, with 17% and 16% lapses, respectively, indicating
potential financial pressures during midlife. In contrast, the youngest age groups (0-19 years)
show negligible lapses, which is likely due to lower policy ownership among this demographic.
This distribution suggests that age plays a critical role in policy lapse patterns, possibly

influenced by economic and life stage considerations.

Histogram of Policy Lapses by Age Group
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Figure 9: Lapses by Age group. Source: Author

4.2.3 Socio-economic factors distribution

Figure 10 below presents the distribution of policy lapses based on the education level of
policyholders, revealing that individuals with a Senior Certificate (Grade 12) account for the
highest number of lapses, totalling 56%. Those with a 3-year Diploma also represent a
significant portion, with 26% lapses. Policyholders without any formal qualification show 9%
lapses, suggesting a correlation between lower education levels and higher lapse rates.

Individuals with Doctorate and Associate qualifications, on the other hand, have the lowest
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lapse rates, showing that higher educational achievement may correlate with better policy

retention.
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Figure 10: Lapses by Education Level. Source: Author

The bar graph in Figure 11 below presents the distribution of insurance policy lapses by
various income brackets. The highest percentage of lapses occurs in the 10,000-19,999
income bracket, with 55% lapses, followed by the less than 10,000 bracket, which has 31%
lapses. Policyholders in higher income brackets, particularly those with basic salary earnings
between 20,000 and 29,999 and above, exhibit significantly fewer lapses, with lapses
recorded in the income groups, respectively. The lowest lapse percentage is seen among
individuals earning above 50,000. This distribution suggests a potential inverse relationship
between income level and policy lapse rates, where lower-income earners are more likely to
lapse their life insurance policies, potentially due to financial strain or affordability issues.
Higher-income earners demonstrate better policy retention, reflecting greater financial

stability.
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Policy Lapses by Salary Bracket
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Figure 11: Lapses by Earning Basic Salary. Source: Author

Table 11 provides a breakdown of policy lapses among various occupational sectors.
Occupations were grouped according to their sectors to form occupational sectors. The table
revealed critical insights into how employment type may influence policy retention. The
Hospitality & Tourism sector recorded the highest number of lapses, with 32% lapses, and this
might be potentially due to the sector's volatility and seasonality, which can lead to income
instability. This is followed by the Finance & Business sector, with 20% lapses, indicating that

even within more stable sectors, policy lapses occur at a higher rate.

Sectors such as General Work and Government & Public Sector had high lapse numbers of 7%
and 4%, respectively, indicating differing levels of financial stability within these industries.
Importantly, 5% lapses are associated with unemployment, demonstrating a strong
association between financial insecurity and policy lapses. The data indicate that occupational
stability and income security play a key role in life insurance policy retention, with individuals

in less stable sectors or who are unemployed being more likely to lapse their policies.
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Table 2: Lapses by occupation sectors

Occupation Sector Number of Lapses Proportion of Lapses
Agriculture & Environmental 144 1%
Automotive Repair & Maintenance 18 0%
Beauty and Grooming 32 0%
Creative Arts & Media 36 0%
Education 1116 11%
Engineering & Technical 304 3%
Finance & Business 2050 20%
Food and Beverage 7 0%
General work 695 7%
Government & Public 441 4%
Healthcare 350 3%
Hospitality & Tourism 3354 32%
Information Technology 52 1%
Legal 65 1%
Manufacturing & Construction 430 4%
Public Safety & Security 193 2%
Sales & Marketing 438 4%
Transport & Logistics 273 3%
unemployed 549 5%
Total 10547 100%

4.2.4 Policy characteristics distribution

Figure 12 describes the distribution of policy lapses by several payment methods, highlighting
differences in lapse rates. The debit-order payment method had the most lapses at 56%,
implying that the automated nature of this payment method may lead to a lack of active
engagement in policy management as policyholders get disengaged over time. Stop order
payments and cash have smaller lapse numbers (23% and 21%, respectively). These methods,
which require more conscious and deliberate action by policyholders, may encourage more
thoughtful policy administration, thus potentially lowering the probability of lapses when
compared to debit orders. However, the lapse rates for these manual payment methods
remain high, implying that the payment method alone may not entirely account for the

policyholder's chance of lapse.
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Policy Lapses by Contract Payment Method
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Figure 12: Lapses by Payment methods. Source: Author

The analysis of policy lapse data by product type in Table 3 revealed that most lapses occurred
under the Risk product, which accounted for 6,362 policies, representing 60% of all lapses.
This was followed by the Savings product, which contributed 1,395 lapses (13%), and Risk-
and-savings-whole life, with 1,020 lapses (10%).

Products such as Retirement and Risk-and-savings-term contributed 321 (3%) and 395 (4%)
lapses, respectively. Other product types like Capricorn-risk, Life-plan, Sansave, and

Welwitschia recorded relatively low proportions of lapses, ranging between 1% and 2% each.

In contrast, several products experienced minimal lapse activity, each constituting 0% of total
lapses, such as Income-protector (6 lapses), Risk-provider-term (1 lapse), Sanchild (16 lapses),

Sanra (27 lapses), and Whole life (15 lapses).

These findings suggest that traditional risk-based products were more susceptible to lapses,
possibly due to affordability, policyholder risk profiles, or product design. In contrast,
products with low lapse rates may have exhibited stronger retention characteristics or
targeted more stable client segments. The trends show that risk-based and savings-oriented
products have higher lapse risks, which could be attributed to economic or financial restraints,

although certain long-term plans retain more customers.
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Table 3: Lapses by product type

Product Type Number of Lapses Proportion of Lapses
Capricorn-risk 125 1%
Children 184 2%
Fundamental needs (risk) 231 2%
Income-protector 6 0%
Life-plan 74 1%
Retirement 321 3%
Risk 6362 60%
Risk-and-savings-term 395 4%
Risk-and-savings-whole life 1020 10%
Risk-provider-term 1 0%
Risk-provider-whole life 66 1%
Sanchild 16 0%
Sanra 27 0%
Sansave 25 1%
Savings 1395 13%
Term 24 0%
Welwitschia 260 2%
Whole life 15 0%
Total 10547 100%

4.3 Key feature impacting lapse prediction

4.3.1 Features importance

The feature importance Figure 13 shows that payment-frequency, contract-payment-status-
reason, and contract-status-reason are the most influential features, showing that they have
a large impact on the model's predictive performance. Moderate contributors include
educational level, gender, occupation, and occupation sector, whereas physical-town,
product-type, region, age, and active-premiums-rate have little influence. This implies that
the model's forecasts are primarily reliant on payment behaviour and contractual specifics,
with demographic and regional factors contributing less. Low-importance features should be
considered for exclusion during optimisation; however, this should be evaluated to avoid

affecting the model's accuracy.

This depicts the feature variables and their impact on the insurance policy lapse rate.

Therefore, it is crucial to analyse the data and how they affect the desired predicted outcome.
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Figure 13: Feature Importance Selection Summary. Source: Author

4.4 Effectiveness of machine learning classification models

4.4.1 Logistic regression

After the data cleaning and pre-processing procedure was accomplished, the processed data
were then split into the Training dataset and the Test dataset using the ‘train_test_split’

function from the MLUTtils library in Julia, as depicted in Figure 14.

begin
Xtrain=X[:,1:Int(round({datasetSizex0.88)))]
Xtest=X[:,Int(round((datasetSizex0.20))):end]
end

2x3396 OneHotMatrix(::Vector{UInt32}) with eltype Bool:
1111 1 1 1 1 1 1 1 1 1 01 + « = = = s = s+ o« a1 1
B .11 111 11 1 1 1 « =

begin )
Ytrain = ¥[:,1:Int(round((datasetSizex0.80))}]

Ytest= Y[:,Int(round((datasetSizex0.28))):end]

end

Figure 14: Splitting the processed data. Source: Author

The training set was used to train the Logistic Regression Model and learn the patterns within

the data. Thereafter, the model was fed the Test data which serves as unseen or unbiased
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data that helps us to gauge the performance of the newly trained model. The Logistic
Regression model was trained and evaluated using the Test set data, and it recorded a
prediction accuracy score of 48%. The Logistic Regression model’s performance is very low,
indicating that it performs poorly, as depicted in Figure 15, which shows that the model is not

reliable and cannot be deployed for practical usage.

function flux_loss(flux_model, x, y)
¥ = flux_model(x)
Flux.logitcrossentropy (¥, ¥)

0.9601583570
flux_loss(flux_model, Xtrain, Ytrain)

function train_flux_model()

didm, _, _ = gradient({flux_loss, flux_model, Xtrain, Ytrain)
@. flux_model[1].weight = flux_model[1].weight - 0.1 % dLdm[:layers][1]
[ :weight]
@. flux_model[1].bias = flux_model[1].bias - @.1 % dLdm[:layers][1][:bias
end;
const classes » ["ACTIVE", "LAPSE"
const classes=unique(data.LAPSE)
flux_accuracy(x, ¥) = mean(Flux.onecold{flux_model(x),classes) .== y);
for i = 1:500
train_flux_model();
flux_accuracy(Xtrain, data.LAPSE[1:13580]) == 0.98 &8 break
end
@show flux_accuracy(Xtest, data.LAPSE[13580:end]);

Figure 15: Logistic Regression Model training and testing. Source: Author

4.4.2 Support vector machine

The Support Vector Machine (SVM) model was evaluated using processed data as indicated
in Figure 16, which provided an accuracy score of 87%, suggesting that the model successfully
captures key decision boundaries. However, while the model demonstrates satisfactory
performance on the training dataset, its ability to predict unseen data with the same level of
accuracy remains moderate. This suggests that despite its strong performance in controlled
settings, the SVM model may require further optimisation and validation to ensure its

reliability and effectiveness in practical applications.
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model =
SVM(SVC, RadialBasis::KERNEL = 2, nothing, 1528, 13580, 2, [String7("LAPSE"), String7("AC

1 4
model= svmtrain(Xtrain,Ytrain)

y, decision_values = svmpredict(model, Xtest);

# # Compute accuracy
@info "Accuracy: %.2f%%\n" mean(j .== Ytest) = 100

Accuracy: %.2T%%
mean(y .== Ytest) * 1@8: 86,77856301531213

Figure 16: Support Vector Machine training and testing. Source: Author

4.4.3 Random Forest

The processed data was also fed to the Random Forest model, and the performance of the
model was evaluated. The performance of the Random Forest is very high, with an accuracy
score of 93% in predicting lapse rates in life insurance policies. This indicates that the model
correctly predicted whether a policy would lapse (or not) for 93% of the cases in the test
dataset, as shown in Figure 17. The trained model’s performance showed a high predictive
accuracy on unseen data, thus proving its reliability in practical settings. Such a high accuracy
suggests that the model is effective in identifying the patterns that influence the likelihood of

policy lapses, which is crucial for assessing risks and improving retention strategies.

accuracy = nfoldCV_forest(Ytrain, Xtrain', n_folds, n_subfeatures)

Fold 1
Classes: InlineStrings.String7["ACTIVE", "LAP
Matrix: 2x2 Matrix{Int64}:

Figure 17: Random Forest training and testing. Source: Author
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4.4.4 Gradient Boosting

The Gradient Boosting model achieved an accuracy of 94% in predicting lapse rates in life
insurance policies, as indicated in Figure 18. This suggests that the model correctly predicted
whether a policy would lapse (or not) in 94% of the cases in the test dataset. This extremely
high accuracy indicates that the Gradient Boosting model is performing well, capturing the
underlying patterns and relationships that influence policy lapses, which is valuable for

improving risk management and retention efforts within the insurance industry.

accuracy = nfoldCV_stumps(Ytrain, Xtrain',
n_folds,
n_iterations;
verbose = true)

Fold 1

Classes: InlineStrings.String7{"ACTIVE", "LAPSE"]
Matrix: 2x2 Matrix{Int64}:

1362 270

32 2862

Accuracy: 0.93327441449540345
0.8505463793755726

Accuracy: €

Kappa:

Figure 18: Gradient Boosting training and testing. Source: Author

4.4.5 Model comparisons

The trained models: Logistic regression model, Support Vector machine models, Random
Forest, and Gradient boosting, respectively, were tested and evaluated so the best
performing model can be selected. Figure 19 below indicates that Gradient Boosting and
Random Forest are the most effective models, with accuracies of 94% and 93%, respectively.
These models excel due to their ability to handle complex relationships and non-linear
patterns in the data, which are often present in lapse prediction scenarios. The support Vector
Machine performs well with an 87% accuracy, suggesting that it captures some key decision
boundaries. However, Logistic Regression, with an accuracy of 48%, struggles to model the
complexities of lapse rates, likely due to its linear nature. Ensemble methods like Random

Forest and Gradient Boosting are recommended for robust predictions in this case. On this
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basis, the Gradient Boosting was selected to perform the predictions for the insurance lapse

rate.

Model Comparison

Accuracy (%)

Logistic RegfesSigﬂppcn yector Machine pandom Forest - yent Boosting

Machine Learning Models

Figure 19: Model evaluation and selection. Source: Author

The efficacy of models for predicting policy lapses in Table 4 below varied significantly. Logistic
Regression performed badly, with an accuracy of 48%, a precision of 47%, a recall of 50%, and
an F1 score of 48%, indicating that it has difficulty distinguishing between active and inactive
policies. The Support Vector Machine (SVM) fared significantly better, with an accuracy of
87%, a precision of 86%, a recall of 90%, and an F1 score of 89%, indicating strong
dependability and sensitivity. Random Forest performed even better, with an accuracy of
93%, a precision of 93%, a recall of 94%, and an F1 score of 93%, indicating strong
performance in anticipating lapses. Gradient Boost was the top model, achieving the highest
accuracy (94%), precision (93%), recall (95%), and F1 score (94%), demonstrating remarkable
balance and predictive capacity. Overall, Gradient Boost is the best model for predicting policy
lapses, with SVM and Random Forest providing strong options, while Logistic Regression is

unsuitable for the task.
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Table 4: Model’s performance on policy lapses prediction

Models Logistic Support Random Gradient

Regression Vector Forest Boost

(LR) Machine

(SVMm)
Confusion Lapses Active Lapses Active Lapses Active Lapses Active
MLCIL Lapses 1172 2300 1254 224 1406 244 1354 254
Active 53 1000 87 2774 73 2803 43 2875

Misclafication 52% 13% 7.4% 7.5%
Accuracy 48% 87% 92.6% 93.5%
Precision 47% 86% 93% 93%
Recall 50% 90% 94% 95%
F1 score 48% 89% 93% 94%

4.5 Chapter summary

This chapter was centred on the analysis of the results from the study on predicting lapse
rates in life insurance using machine learning algorithms, thereby offering a thorough
overview of the findings obtained from the study. The primary goal of this research was to
design and develop an accurate and reliable model for predicting lapse rates in life insurance
using machine learning algorithms to effectively manage and retain active life insurance

policies.

The beginning of the chapter presented an analysis of information about the dataset from
which the feature variables were derived and considered within the research. This was trailed
by a comparative analysis of the four models created: Logistic Regression model, Support
Vector Machine, Random Forest, and Gradient Boosting model used Life Insurance lapse rate,
highlighting the high performance of the two models. The results indicated that the Gradient
Boosting model outperforms the rest of the models by a higher accuracy score of 94%. To
conclude, the chapter offered valuable insight, emphasizing the effectiveness, high accuracy,

and reliability of machine learning models’ utilisation for predicting insurance lapse rate.
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Furthermore, the analysis indicated that more than 60% of policies had lapsed, with
considerable variances seen across demographic, economic, and product variables. Age,
income level, education, occupation, and payment methods all have a substantial impact on
lapse rates, but some product categories, particularly risk-based and savings-oriented plans,
have a larger lapse risk. These findings emphasised the importance of focused tactics for
addressing budgetary restrictions, increasing engagement in policy management, and
designing products that better meet the requirements and conditions of policyholders.
Addressing these difficulties is critical for increasing policyholder retention and decreasing

lapse rates.
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CHAPTER FIVE
RESEARCH CONCLUSION

5.1 Introduction

This chapter provides a comprehensive summary of the study, emphasising the key findings
and conclusions derived from the research on predicting lapse rates in life insurance using
machine learning algorithms. The chapter revisits the primary objectives of the study and
highlights how they were achieved through the development and evaluation of predictive

models.

Furthermore, this chapter discusses the significant contributions of the study to both
academic literature and practical applications in the insurance industry, particularly in
enhancing policyholder retention strategies. The chapter also outlines the limitations
encountered during the research, which may have influenced the scope and generalisability

of the results.

In addition, recommendations for future research and practical implementation are
presented, offering insights into how insurance companies can leverage advanced analytics
to better manage lapse rates. The chapter concludes with a summary that encapsulates the
overall outcomes and implications of the study, reaffirming the importance of machine

learning techniques in addressing policy lapse challenges.

5.2 Findings

Sub-research question one: What is the performance of the four commonly used machine
learning models, namely Logistic Regression, Support Vector Machine, Random Forest, and
Gradient Boost, in predicting life insurance lapses?

The outcome of the study showed that the Gradient Boost and Random Forest models
outperform the Logistic Regression and Support Vector Machine models machine learning
algorithm in terms of accuracy and computational efficiency. The two models can successfully
predict the insurance lapse rate with minimal errors, thereby empowering stakeholders to

make informed decisions pertaining to insurance policies.

The features were analysed and evaluated based on the impact they had on predicting the
lapse rate of insurance policies. The features that impacted the lapse rate of insurance policies
and were used to train the selected model from the data set were the gender of policy

holders, age, geographical location, socio-economic factors (education level, financial
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earnings, and occupation), and policy characteristics (Payment frequency, contract payment

status, product type, premium rate, and contract status reasons).

Sub-research question two: What are the key features in the dataset that significantly

influence the prediction of life insurance lapses?

Payment frequency, contract payment status, and contract status-reasons were identified as
the most impactful features influencing model performance. These variables directly
reflected the policyholder’s engagement with premium payments and provided critical
insights into lapse behaviour. Irregular payment frequencies and contract statuses indicating
payment delinquency or inactivity strongly correlated with higher lapse rates, making them
essential predictors for accurate modelling. The predictive strength of these features stems
from their ability to capture real-time behavioural signals that precede policy termination,

making them essential for early lapse detection and intervention strategies.

Education level, gender, and occupation were found to moderately influence lapse prediction.
These demographic and socio-economic variables did not have a direct transactional link with
the insurance product but affected policyholder behaviour through indirect pathways. For
instance, individuals with higher education levels may possess greater financial literacy,
enabling better understanding and appreciation of long-term insurance benefits, thus
reducing the likelihood of lapses. Similarly, gender and occupation may influence income
stability, financial planning behaviour, and attitudes towards risk, which in turn affect the
consistency of premium payments. While these features were not the top contributors, their

inclusion improved the model’s robustness by capturing underlying behavioural patterns.

In contrast, features such as physical town, region, and product type had limited predictive
power in the model. Although these variables added geographic or categorical detail, they
lacked strong correlations with lapse outcomes. Their minimal variation across policyholders
or weaker associations with financial behaviour reduced their overall contribution to the
model’s accuracy. Similarly, while product type offered some differentiation, particularly for
risk-only versus savings-linked products, it did not consistently predict lapses with the same

reliability as payment behaviour indicators.

In summary, payment behaviour-related features, including payment frequency, contract
payment status, and contract status reasons stood out as the most impactful drivers of policy

lapse predictions. Demographic variables contributed moderately, while geographic and
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product-specific factors held lesser importance. This hierarchy of feature importance
highlighted the need for insurers to monitor and intervene based on dynamic behavioural

indicators to effectively mitigate lapse risks.

Sub-research question three: How do policyholder characteristics such as age and occupation

affect the likelihood of life insurance policy lapses?

The analysis revealed that age had been a significant determinant in predicting the likelihood
of life insurance policy lapses. The 50+ age group exhibited the highest lapse rate, accounting
for 35% of all recorded lapses. This trend was likely due to life stage transitions such as
retirement, reduced disposable income, or changing financial priorities, which may have
influenced the ability or willingness of policyholders to continue paying premiums. The 40—-44
and 35-39 age groups followed closely, with 17% and 16% of lapses, respectively. These age
groups appeared to experience considerable financial pressures during midlife, including
supporting dependents, repaying home loans, and managing healthcare expenses. Such
obligations may have compromised their capacity to maintain long-term financial

commitments like life insurance policies.

In contrast, the younger age groups, particularly those aged 0-19 years, recorded negligible
lapse rates. This was likely because insurance policies for children were typically owned and
managed by parents or guardians, who were responsible for maintaining the payments. As a
result, these policies were less vulnerable to lapses driven by the insured individual's financial
behaviour. These findings suggested that policyholder age and associated life stage factors

had played a critical role in influencing policy lapse behaviour.

Occupational stability significantly influences life insurance policy retention. The Hospitality
and Tourism sector recorded the highest lapse rate at 32%, likely due to the industry's income
volatility and seasonal employment patterns. This instability can make it challenging for
individuals to consistently meet premium obligations. Similarly, the Finance and Business
sector accounted for 20% of policy lapses, demonstrating that even among more stable
professions, financial overextension or shifting priorities may lead to discontinuation.
Additional sectors such as General Work (7%) and the Government and Public Sector (4%),
showed notable lapse rates, indicating that financial obligations or inadequate financial

planning may affect even those with perceived job security.
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Moreover, unemployment was associated with 5% of total lapses, underscoring the critical
role of financial security in maintaining life insurance coverage. Individuals without stable
income streams are more vulnerable to policy lapses due to affordability constraints. These
findings highlight the need for insurance providers to consider policyholder occupation and
employment status when assessing lapse risk, and to design interventions such as flexible
payment structures or targeted financial literacy programmes for those in unstable or lower-

income sectors to enhance policy retention.

The analysis of policy lapses by education level revealed a strong relationship between
educational attainment and the likelihood of discontinuing life insurance policies.
Policyholders with a Senior Certificate (Grade 12) had the highest lapse rate at 56%, followed
by those with a 3-year Diploma at 26%, suggesting that individuals with mid-level education
may face financial or informational barriers that hinder long-term policy retention.
Additionally, 9% of lapses were recorded among those with no formal qualification, indicating
that lower education levels may be associated with financial vulnerability and limited

awareness of insurance benefits.

In contrast, individuals with higher qualifications, such as a Doctorate and associate degrees,
showed the lowest lapse rates, pointing to a possible correlation between advanced
education, financial literacy, and consistent premium payment behaviour. These findings
emphasise that education plays a significant role in influencing insurance policy continuity
and highlight the potential value of financial literacy programmes aimed at supporting less-

educated policyholders.

Income level further demonstrated a strong inverse relationship with lapse rates. Most lapses
occurred among policyholders earning between N$10,000 and 19,999 (55%), followed by
those earning less than N$10,000 (31%). This indicates that individuals in lower income
brackets are more likely to lapse on their policies due to affordability issues and financial
constraints. Conversely, higher-income groups, particularly those earning above N$20,000
exhibited significantly lower lapse rates, with the lowest found in the N$50,000+ category.
These findings underscore the importance of income stability in sustaining insurance
coverage and suggest the need for flexible payment structures to support lower-income

policyholders.
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The analysis of payment methods revealed significant insights into how these factors
influenced the likelihood of life insurance policy lapses. The findings showed that
policyholders who used the debit-order payment method accounted for the highest
proportion of lapses, at 56%. This method, being automated, required minimal ongoing effort
from policyholders after initial setup. Although convenient, the automation appeared to
contribute to a lack of active engagement in policy management. Over time, policyholders
may have become disengaged, leading to missed payments or a general neglect of policy
responsibilities. This suggested that the ease and passive nature of debit orders may have
contributed to higher lapse rates, as policyholders were less likely to monitor and manage

their policies actively.

In contrast, policyholders who paid via stop orders and cash demonstrated lower lapse rates,
at 23% and 21% respectively. These manual payment methods required more deliberate and
conscious action from the policyholders, which may have encouraged a higher level of
attentiveness and responsibility in policy management. This more active involvement was
likely associated with greater commitment to maintaining the policy, thereby reducing the
risk of lapses. However, despite the relatively lower lapse rates for stop-order and cash
payments, the findings indicated that lapse rates remained high across all payment methods.
This implied that the payment method alone did not fully explain lapse behaviour. Other
factors, such as demographic characteristics, financial literacy, income stability, and broader
economic conditions, likely played a significant role. Therefore, while the payment method
was an important factor, a comprehensive understanding of policy lapse required considering

multiple interacting characteristics.

The analysis of policy lapses by product type showed that certain life insurance products had
been more prone to lapses than others, indicating a strong relationship between product type
and lapse risk. The Risk product recorded the highest number of lapses, accounting for 60%
of all lapse cases, followed by the Savings product with 13%, and Risk-and-savings-whole life
with 10%. These products, often associated with higher premiums or shorter-term financial
goals, appeared more vulnerable to lapses, possibly due to financial strain or reduced long-
term engagement from policyholders. In contrast, products such as Retirement and Risk-and-
savings-term contributed smaller proportions of lapses (3% and 4%, respectively), while
several niche products such as Income-protector, Sanchild, Sanra, and Whole life exhibited

minimal lapse activity, each accounting for 0% of total lapses.
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These findings suggested that traditional risk-based and savings-oriented products had higher
lapse risks, potentially due to affordability issues, less stable client segments, or product
features that did not promote long-term commitment. On the other hand, products with low
lapse rates may have been better structured to retain customers or may have targeted more
financially stable policyholders. Overall, the results indicated that policyholder characteristics
as reflected in product selection had a significant impact on lapse behaviour, and that
thoughtful product design and alignment with client needs were crucial for improving

retention rates.

5.3 Contribution of the study

The study advances data science by demonstrating the superiority of ML algorithms,
particularly Gradient Boost and Random Forest, in predicting lapse rates in life insurance. It
highlights the importance of feature selection and shows how these models outperform
traditional methods, offering insights into the practical application of ML in the insurance

industry.

Furthermore, the study contributes significantly to the field of life insurance analytics by
demonstrating the superiority of Gradient Boost and Random Forest models over traditional
algorithms such as Logistic Regression and Support Vector Machines in predicting lapse rates
with greater accuracy and computational efficiency. It identified key predictive features,
including payment frequency, contract payment status, and contract status reasons, while
highlighting the moderate influence of demographic and socio-economic factors such as
education, income, and occupation. Additionally, the research revealed that risk-based and
savings-oriented insurance plans had been more susceptible to lapses, providing actionable
insights for targeted interventions. Focusing on the Namibian context, specifically Sanlam
Namibia, the study offered localised knowledge on the drivers of policy lapses, enabling
stakeholders to make data-driven decisions regarding policy design and risk management.
The research also highlighted the practical application of machine learning (ML) in real-world
settings, demonstrating how theoretical data science methodologies had been effectively

applied to address industry-specific challenges in the life insurance sector.
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5.4 Limitations

It is imperative that the limitations of the study are acknowledged and understood, as they
are essential in the implementation of the designed ML model. The availability of quality data
impacts the accuracy and dependability of the model’s prediction significantly. Inaccurate,

missing, or incomplete data entries could have influenced the model’s predictive powers.

It is also vital to recognise the limitations concerning data availability, model selection, and

other factors that can influence the model’s effectiveness.

During the study, several data-related limitations were encountered and successfully
addressed to ensure the integrity and reliability of the analysis. Firstly, the dataset contained
an outlier in the Earning Basic Salary attribute, with a negative value of -11,470.42. Since
negative salaries were unrealistic and likely indicated a data entry error, and because no
reliable information was available to correct it, the outlier was removed. This decision
prevented distortion in the statistical analysis and improved the overall quality of the dataset.
Secondly, missing values were present in key attributes such as age. To resolve this, an
imputation strategy was applied: the missing ages were calculated using the date of birth
(DOB) by subtracting the year of birth from the year of data collection. This approach
leveraged available contextual information to ensure completeness and accuracy of the
dataset. Lastly, during the data transformation phase, feature engineering techniques were
employed to improve the dataset’s structure and usability for machine learning. Two new
variables were derived by grouping towns into their respective regions and categorizing job
titles into broader occupational sectors. These transformations enhanced the dataset’s
interpretability and provided additional insights for modelling, particularly in examining
regional and occupational influences on lapse behaviour. Through these interventions, the
researcher ensured a high-quality dataset that supported robust and valid analytical

outcomes.

5.5 Recommendations
From the study findings, it is recommended to further explore and refine the model by
discovering additional feature variables that can enhance the accuracy of the prediction

model.
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Moreover, implementing an iterative model validation process will be vital for ensuring
reliability. Furthermore, regularly testing and updating the predictive models with real-world

data will help identify potential biases or shortcomings in the algorithms used.

Lastly, collaborating with industry professionals could provide valuable insights into practical
applications of these predictions in risk management strategies within insurance companies.
Such collaboration ensures that academic research remains aligned with real-world needs and

challenges.

5.6 Conclusion

In conclusion, applying machine learning (ML) methods to predict insurance policy lapse rates
represents a significant advancement in the ML industry. ML models can leverage vast
datasets to identify patterns and factors influencing policyholder behaviour. This predictive
capability is particularly crucial in today's dynamic insurance landscape, where understanding

customer retention is essential for maintaining profitability and sustainability.

The findings from these investigations underscore the importance of integrating
technological innovations into traditional actuarial practices. By utilising ML algorithms,
insurers can enhance their ability to forecast lapse rates, thereby enabling more informed

decision-making regarding product offerings and customer engagement strategies.

Although challenges remain such as data quality issues and model interpretability, the
potential benefits of employing ML in predicting lapse rates are substantial. The integration
of these advanced methodologies not only promises improved operational efficiencies but
also fosters greater resilience within the insurance sector in changing economic conditions.
Future research should focus on refining these models further and exploring their applicability

across diverse markets to fully realise their potential.
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Appendix C: Implementation Details

using

using

using

using

using

using

using

using

using

using

using

using

using

using

Flux -~/

CsV ./

DataFrames ../

Flux - :onehotbatch

CategoricalArrays -/

S5tatsBase

StatsPlots ../

FreqTables ./

HypothesisTests .7

MLJBase -~

Distributions ./

MLJ -~

MLIModels -/

MLIDecisionTreeInterface -/

using Plots .~/

using FeatureSelection -/

using Statistics ./

using EvalMetrics -/

1 using

1 using

data =

VBN hs W N

-
0

moTe

16975

data

.
DecisionTree
EARNING-
PRODUCT- BASIC. PHYSICAL-
TYPE TOWMN
SALARY
"RISK" 700 "ONDANGWA"™
"RISK" 600 "ONDANGWA™
"RISK" 500 "Okahao"
"RISK" 00 "OSHAKATI"™
"RISK" 300 "waLvIsSBAY"
"RISK" 00 "WALVWISBAY"
"RETIREMENT" 500 "Grootfontein™
"RISK" 500 "WALVWISBAY"
"RISK" 500 "OSHAKATI"™
"RISK" 500 "ONESI"™
"RISK" 13001131 "WALVISBAY"

=DataFrame (CSV.File("Cleaned_Data_Process_2024_Final30

RECGION AGE
"oshana" (s1c]
"Ooshana" 35
"Oomusati" 37
"oshana" 50
"Erongo" 35
"Erongo" 28
"ot jozondjupa™ 37
"Erongo" el
"oshana" a7
"Omusati" 33
"Erongo"™ 46

_cswv"™))

GENDER

TaALE"

"FEMALE"
"FEMALE"

"EFEMALE"
"FEMALE"
"EEMALE"
"MaALE"

"EEMALE"
"FEMALE"

"FEMALE"

TMALE™

"WAIT
"UNEM
"CASH

"DESI
"DOME
"THER
"CLEA
"SELF
"UNEM

"ACCO

TMANA



16975%x26 OneHotMatrix(::Vector{UInt32}) with eltype Bool:
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begin

PRODUCTTYPE = onehotbatch{unique(data."PRODUCT-TYPE"),data."PRODUCT-TYPE")
PHYSICALTOWN = onehotbatch(unique(data."PHYSICAL-TOWN"),data."PHYSICAL-TOWN")
REGION = onehotbatch(unique(data."REGION"),data."REGION")

GENDER = onehotbatch({unique(data."GENDER"),data."GENDER")

OCCUPATION = onehotbatch(unique(data."OCCUPATION"),data."OCCUPATION")
EDUCATIONLEVEL = onehotbatch({unique(data."EDUCATIONAL-LEVEL"),data."EDUCATIONAL-
LEVEL™)

CONTRACTPAYMENTFREQUENCY = onehotbatch{unique{data."CONTRACT-PAYMENT-FREQUENCY"),

data."CONTRACT-PAYMENT-FREQUENCY™ )

CONTRACTSTATUSREASON = onehotbatch(unique(data."CONTRACT-STATUS-REASON"),
data."CONTRACT-STATUS-REASON" )

PAYMENTMETHOD = onehotbatch{unique(data."PAYMENT-METHOD"),data."PAYMENT-METHOD")
CONTRACTPAYMENTSTATUSREASON = onehotbatch{unique(data."CONTRACT-PAYMENT-STATUS-
REASON"),

data."CONTRACT-PAYMENT-STATUS-REASON")

OCCUPATIONSECTOR = onehotbatch(unique(data."OCCUPATION-SECTOR"),data."OCCUPATION-

SECTOR")
end
v ¥ = 2x16975 OneHotMatrix(::Vector{UInt32}) with eltype Bool:
1 o+ 1 o« o« 1 1 1 1 e e e e A e e e e e e e e e w1
= 1 1 = 1 1 . - - - 1 1 1 1 -1 1 1 1 1 1 1 1 -
Y = onehotbatch({data.LAPSE, unique(data.LAPSE})
+ ®
combinedEncoded =

16975%x1456 Matrix{Inté4}:
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G & @B B B B B B B B B B 6 O 6 8 B @8 0 B 0 @ 6 B @B O O
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combinedEncoded =hcat(PRODUCTTYPE,data."EARNING-BASIC-SALARY",

data."AGE" ,data."ACTIVE-PREMIUMS-RATE" ,PHYSICALTOWN , GENDER ,OCCUPATION,
EDUCATIONLEVEL , CONTRACTPAYMENTFREQUENCY ,CONTRACTSTATUSREASON, PAYMENTMETHOD,
CUHTRACTPAYHEHTSTRTUSREASOH,OCCUP&TIDHSECTUR)
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begin

X[:,1:Int(round((datasetSizex0.8a)))]
X[:,Int(round((datasetSizex0.20))):end]

Xtrain

Xtest
end

:Vector{UInt32}) with eltype Bool

2x3396 OneHotMatrix(

11

11111111111

1111111111 -

begin

Int(round((datasetSizex0.80)))]

Y[:,1
Ytest= Y[:,Int(round((datasetSizex0.20))):end]

end

Ytrain



-
+ Tlux_medel = Chain(
Dense (1456 == 13580), # 19_786_060 parameters
Dense (13580 == 2), # 27_162 parameters
NNlib.softmax,
# Total: 4 arrays, 19_813_222 parameters, 75.582 MiB.

flux_model = Chain(Dense(1456 =» 13580),Dense(13580 => 2), softmax) =
+ ®
function flux_loss({flux_model, x, ¥)
¥y = flux_model(x)
Flux.logitcrossentropy(¥, ¥)
ends;

0.66650134f0
flux_loss(flux_model, Xtrain, Ytrain)

function train_flux_model()
didm, _, _ = gradient(flux_loss, flux_model, Xtrain, Ytrain)
@. flux_model[1].weight = flux_model[1].weight - 8.1 % dLdm[:layers][1]
[:weight]
@. flux_model[1].bias = flux_model[1].bias - 0.1 = dLdm[:layers][1][:bias]
ends;

const classes = » ["ACTIVE". "LAPSE"]

const classes=unique(data.LAPSE)
flux_accuracy(x, y) = mean{Flux.onecold(flux_model(x),classes) .== y);

for 1 = 1:500 )
train_flux_model();
flux_accuracy(Xtrain, data.LAPSE[1:13580]) >= 0.98 && break
end

@show flux_accuracy(Xtest, data.LAPSE[13580:end]);

+
»  model Ensemble of Decision Trees
Trees: 10
Avg Leaves: 7.0
Avg Depth: 6.0
model = build_forest(Ytrain, Xtrain', 2, 10, 0.5, 6) (
+ ®

n_folds=3; n_subfeatures=2

accuracy = »[0.927751. 0.92753, 0.923995]

accuracy = nfoldCV_forest(Ytrain, Xtrain', n_folds, n_subfeatures)




model =
SVM(SVC, RadialBasis::KERNEL = 2, nothing, 1528, 13580, 2, [String7("LAPSE"), String7("AC

»

model= svmtrain(Xtrain,Ytrain)
§, decision_values = svmpredict(model, Xtest);

# # Compute accuracy
@info "Accuracy: %.2f%%\n" mean(y .== Ytest) = 100

Accuracy: %.2f%%
mean(j .== Ytest) * 188: B86,77856301531213

accuracy = nfoldCV_stumps(Ytrain, Xtrain',
n_folds,
n_iterations;
verbose = true)

InlineStrin

2x2 Matrix{
LriXy

Model Comparison

Accuracy (%)

Logistic RegTesﬂgﬂppm vector Machine Rrandom Forest . jient Boosting

Machine Learning Models



RandomForestRegressor = MLIDecisionTreelnterface.RandomForestRegressor

RandomForestRegressor = ([@load RandomForestRegressor pkg=DecisionTree

)

For silent leading, specify ‘verbosity=0‘.

rf = RandomForestRegTessoT(
max_depth = -1,
min_samples_leaf = 1,
min_samples_split = 2,
min_purity_increase =
n_subfeatures = -1,
n_trees = 100,
sampling_fraction = 0.7,
feature_importance = :impurity,
Tng = Random._GLOBAL_RNG())

rf = RandomForestRegressor()

a.e,

selector = DeterministicRecursiveFeatureElimination(

model = RandomForestRegressor(
max_depth = -1,
min_samples_leaf = 1,
min_samples_split = 2,
min_purity_increase =
n_subfeatures = -1,
n_trees = 1080,
sampling_fraction = 0.7,
feature_importance = :impurity,
rng = Random._GLOBAL_RNG(}),

n_features = 0.0,

step = 1.0)

0.0,

selector = RecursiveFeatureElimination(model = rf)

) - -d

it Bt
I
1
I
I

i e i N o i e e a2 = . o
) >
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Policy Lapses by Salary Bracket
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Policy Lapses by Gender

Gender
B Female: 4996
[ Male: 5551

Policy Lapses by Contract Payment Method
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