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Abstract: Stability and growth in life insurance market an important economic indicators of life insurance 

lapse poses a critical challenge for insurers, impacting financial stability and policyholder protection. 

Traditional methods of lapse prediction, often reliant on rule-based or statistical approaches, struggle to 

adapt to the dynamic and intricate character of consumer conduct.  This study investigates the ways in 

which artificial intelligence and machine learning may be used to anticipate and mitigate policy lapse risks. 

By leveraging vast historical datasets, ML models can analyze factors such as policyholder demographics, 

payment history, economic conditions, and policy attributes to provide more accurate predictions. Various 

supervised learning techniques, including logistic-supported shrubs, promote vector-based technology, 

statistical regression, and deep learning models such as neural networks, among others, are examined for 

their effectiveness in risk assessment. Additionally, AI-driven predictive modeling enables insurers to 

implement proactive strategies, such as personalized policy recommendations, early intervention measures, 

and targeted customer retention efforts. AI's incorporation into the risk management industry not only 

enhances operational efficiency but also expands the scope of risk pooling and enables more precise 

underwriting and claims management. As the industry embraces digital transformation, adopting AI-driven 

solutions can significantly improve customer satisfaction, optimize risk assessment, and contribute to the 

long-term sustainability of the life insurance market. 
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I. INTRODUCTION 

The alternatives available to consumers under today's insurance plans can have a big impact on how much the insurance 

provider is liable for. Policyholders, for instance, have the option of surrendering their insurance and get an exchange 

value, or they can opt to Stop making payment for premiums. The word "lapse" originally denoted the cancellation of a 

health coverage contract and the termination of coverage as a result of the policyholder's  nonpayment of charges [1]. A 

commercial insurer known as insurance for life provides beneficiaries with a lump sum assured value upon the 

policyholder's death.  It helps families by giving them money after a loved one dies.  Because life insurance gives 

marketing distributors, insurance brokers, and direct agents jobs, it is an essential part of the economy [2]. 

The field of information technology that deals with AI is broad [3]. AI enables computers and other devices to mimic 

the human brain's capacity for problem-solving and judgment.  AI focuses on enhancing operational systems' capacity 

to resolve problems using sophisticated skill sets including correction by itself, instruction, and understanding [4]. AI is 

used in many different businesses and industries. It is being used in numerous sectors, such as commerce manufacturing 

and financial services, healthcare, education, gambling, and vehicles. AI systems make use of a number of complex 

algorithms that enable them to communicate quickly and make better decisions. 

There are numerous sectors are impacted by ML which opens up new avenues for business advantages [5]. However, 

whereas mathematical approaches have demonstrated their effectiveness in assessing danger in recent years, ML is not 

yet routinely applied in the life insurance sector. As a result, insurers could have trouble determining the worth of AI 
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[6]. Concentrating on how the life protection sector has changed highlights the potential benefits of ML by generating 

data value and its significance for policyholders over the years. 

The life protection sector is attracting new customers and abandoning existing ones.  The deal is for a long time.   One 

of the main issues facing the business is the lapse of agreements for life insurance for individuals.   The primary cause 

of this is policyholders giving up their policies within the policy's term. The health insurance business's poor sales 

tactics are mostly to blame for this.  The primary cause of poor persistence is lapses [7]. Whenever an insurance is 

misrepresented or purchased with inadequate comprehension, a lapse takes place at the moment of sale. When an 

insurance policy lapses, it no longer exists.  If the person who bought the policy does not pay the monthly fee during the 

30-day grace period, the insurance expires [8]. Policyholders lose their insurance protection when they fail to pay their 

premiums.  Since the policy had expired since there was no risk coverage, the nominee will not be able to make an 

insurance claim in the event of the passing of the policyholder. 

 

A. Structure of the Study  

This is how the research piece is structured: Section II covers policy lapses and predictive modeling. Section III 

discusses AI’s benefits in insurance. Section IV explores machine learning models for lapse prediction. Section V 

reviews existing literature on AI in lapse risk identification. Section VI ends with important conclusions, restrictions, 

and suggestions for further research. 

 

II. AN OVERVIEW: LIFE INSURANCE AND POLICY LAPSE 

Life in the process guarantees cash assistance for relatives who would survive in the event of the policyholder's passing. 

Insurance provides security and peace of mind, acting as an essential monetary safety net.  But keeping a life coverage 

policy requires regular premium payments [9]. If these payments are missed, the policy may lapse, resulting in the loss 

of coverage and potential financial security. Understanding the reasons behind policy lapse, its consequences, and the 

options available to reinstate coverage is essential for policyholders to safeguard their long-term financial plans. 

The study of life insurance coverage default has grown over time, particularly in the 1990s, and sociodemographic and 

financial issues have been taken into account [10]. The three main tenets of earlier academics' lapse policy 

investigations are three theories: the Policy Replacement Hypothesis (PPP), the Interest Rate Hypothesis (IRH), and the 

Emergency Fund Hypothesis (EFH). When rate of interest rise, the IRH highlights the importance of arbitrage, but the 

EFH highlights the idea that shoppers use cash value as a lifesaving reserve. 

 

A. Types of Life Insurance Policies 

The main types of life insurance are: 

• Term insurance – Is among the earliest and most basic types of life insurance. Only If the covered individual 

dies during the term of the contract, the protection sum paid; otherwise, making a payment is made after the 

insured persons has passed away [11]. On the other hand, the insurer is entitled to the payout if the 

policyholder survives the duration of the agreement in question. 

• Whole life insurance – In this form, the protection money is paid when the person passes away, regardless of 

whenever the passing away occurred [12]. The majority of other advantages, this type of insurance has a fixed 

monthly and the potential for savings. 

• Insurance of the contracting amount in case of experiencing – The company that provides insurance is only 

obligated to cover the cost if the consumer experiences it within the allotted period.   The insurer is not 

required to pay the policy's maximum amount if the person insured dies before this time. 

• Mixed life insurance or Insurance in case of death and life – The insurer may be required to pay toward the 

stipulated amount if this is the case, either due to the insured's death or other life circumstances. 

• Renters insurance – involves paying the premium in whole or in installments with the goal of protecting the 

insured person's or their family's future.  
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B. Life Insurance 

Insurance customers and insurance firms enter into contracts for life insurance coverage, which might help individuals, 

organizations, and retirement funds. If certain life

legally agree to pay rewards to each other. In this arrangement, the parties involved are the policyholder, the insurance 

company, the insurance firm, and the person receiving the benefits

follows: the policyholder pays premiums for the duration of their lives, and if a policy owner passes away, an insurance 

company promises to pay a certain amount to designated dependents. There are several alternatives available when it 

comes to life insurance. 

The most concerning of all, the insurance for life market is always evolving and dealing with new issues, such as rising 

rates. The term "aggravation of risk" in the insurance sector describes any circumstance that raises the possibility that 

insured may experience a loss or submit a claim 

things like harmful behaviors, pre-existing health issues, or even specific jobs or hobbies that raise your chance of 

getting sick or hurt. It should be noted that external fa

or political upheaval, may increase the possibility of making an assertion could affect its worth. This is referred to as 

risk aggravating. Insurance brokers and calculators must take into

aggravating factors when calculating the policyholder's overall risk.

 

C. Lapsation of the Life Insurance Policy 

An agreements expiration will negatively affect all parties, especially t

add policyholders to their companies' books

marketing supervisors—have been in vain. Missed opportunities to establish a legitimate bu

to a large number of customers are another effect of the ineffective effort involved. Lapsation also reduces certain 

agents' revenue by reducing their commission on expiring insurance. Even the incentive bonus computations for t

development officers suffer when an organization's first year comes to a close.

 

III. PREDICTIVE AI AND MA

The banking industrial appears to have been more proactive in embracing machine learning than the healthcare industry 

[15]. Consequently, life insurance is the foundation of many ML

some traits with finance and may allow for a more natural transfer of these techniques. Sometimes, these techniques 

could also be applicable to certain property and liability insurance categories. An example of this is the likelihood of 

mortality. The future death rate of a certain group may be predicted using a variety of models, and these rates are 

subject to change over time. Changes affecting one community may have systematic, but non

populations, or the risk of mortality of nearby groups may be comparable. Such multi

modeling can occasionally be a very challenging or u

judgment. AI networks are specifically designed to address these 

A. Key Components in AI-Based Predictive Maintenance

The six main components of AI-based PdM are as follows: AI, data prepar

[16], Figure 1 illustrates interpersonal interaction, 

brief summary of each component so that readers may unders

Figure 1: Key components of an AI
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retirement funds. If certain life-related events occur during the policyholders' lifetimes, they can 

legally agree to pay rewards to each other. In this arrangement, the parties involved are the policyholder, the insurance 

the person receiving the benefits [13]. Life health insurance frequently operates as 

follows: the policyholder pays premiums for the duration of their lives, and if a policy owner passes away, an insurance 

certain amount to designated dependents. There are several alternatives available when it 

The most concerning of all, the insurance for life market is always evolving and dealing with new issues, such as rising 

ravation of risk" in the insurance sector describes any circumstance that raises the possibility that 

insured may experience a loss or submit a claim [14]. These traits, referred to as aggravating motives, could involve 

existing health issues, or even specific jobs or hobbies that raise your chance of 

getting sick or hurt. It should be noted that external factors that increase the risk, such as pandemics, natural disasters, 

or political upheaval, may increase the possibility of making an assertion could affect its worth. This is referred to as 

risk aggravating. Insurance brokers and calculators must take into account both the policyholder's inherent risks and any 

aggravating factors when calculating the policyholder's overall risk. 

he Life Insurance Policy on Intermediaries 

An agreements expiration will negatively affect all parties, especially the mediators. All of the intermediaries' efforts to 

add policyholders to their companies' books—agents, managers of branches, deputy district supervisors, and branch 

have been in vain. Missed opportunities to establish a legitimate business and pr

to a large number of customers are another effect of the ineffective effort involved. Lapsation also reduces certain 

agents' revenue by reducing their commission on expiring insurance. Even the incentive bonus computations for t

t officers suffer when an organization's first year comes to a close. 

PREDICTIVE AI AND MACHINE LEARNING IN INSURANCE 

The banking industrial appears to have been more proactive in embracing machine learning than the healthcare industry 

. Consequently, life insurance is the foundation of many ML-related insurance company programs, 

some traits with finance and may allow for a more natural transfer of these techniques. Sometimes, these techniques 

ld also be applicable to certain property and liability insurance categories. An example of this is the likelihood of 

ty. The future death rate of a certain group may be predicted using a variety of models, and these rates are 

time. Changes affecting one community may have systematic, but non-linear, effects on other 

ality of nearby groups may be comparable. Such multi-population mortality risk 

modeling can occasionally be a very challenging or unachievable optimization assignment that calls for a lot of 

judgment. AI networks are specifically designed to address these problems. 

Based Predictive Maintenance 

based PdM are as follows: AI, data preparation, and components of decision

, Figure 1 illustrates interpersonal interaction, insertion, disclosure, and the user interaction.   This section offers a 

brief summary of each component so that readers may understand how they all work together to realize AI
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• Sensors: The main source of data for a PdM system is its sensors. These specialized instruments are placed 

conveniently on machinery and continuously measure a variety of variables, additional machinery including 

humidity, coercion, temperature, and vibration. 

• Data Preprocessing: The unprocessed data that detectors offer is typically noisy and inconsistent.   Getting 

ready data starts with preliminary analysis for examination. 

• AI Algorithms: The PdM platforms are powered by AI techniques such as DL and ML. 

• Decision-Making Modules: The predictions and conclusions are processed by the Artificial intelligence  

programs via decision-making components [17]. 

• Communication and Integration: Effective communications and cooperation are essential to putting the 

system's conclusions into practice. 

• User Interface and Reporting: It is necessary to establish strong reporting and user interfaces so that 

decision-makers and support staff can access this data. 

 

B. Predictive Modeling and Its Related Features 

The capacity to draw attention to critical components of the business problem is essential for an effective analytical 

model [18]. The objective of building a prediction model is to find nontrivial, novel, possibly useful, and actionable 

patterns in the data. This highlights the critical need to analyzing predictive modeling characteristics and models [19]. 

 

A. Predictive Modeling Features:  

Making superior forecasting of risk choices depends on drawing useful insights compared to the present data set. 

Within the company sector, predictive models are used to identify possibilities and hazards based on trends found in 

transactional and historical data. The models help to educate the decision-making process by capturing the interaction 

between multiple factors and allowing the evaluation of possible dangers linked to a certain set of conditions. 

 

B. Predictive Modeling:  

Gartner claims that predictive modeling, which is a well-liked statistical tool, forecasts future behavior. Intelligent 

modelling systems leverage data-mining tools to examine past and current data and create a model that predicts future 

outcomes [20]. In order to improve future event prediction, predictive modeling entails analyzing large datasets to find 

significant links and draw conclusions. This data is converted into business rules, which improves decision-making by 

using statistical techniques to distinguish ordered patterns from random fluctuations. Predictive modelling involves the 

following processes see Figure 2. 

 
Figure 2: Steps associated with predictive modeling 

 

C. Benefits of AI in Insurance 

Examines the application of AI throughout the protection value chain and its advantages for consumers, insurers, and 

society at large. It is primarily aimed at policymakers who may not be familiar with insurance. AI has the potential to 

assist insurers in altering their value offering and enhancing the resilience of society.  The following is a summary of 

the socioeconomic advantages of using AI in insurance: 
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• Expanded scope for risk pooling: Improved risk assessments give insurers a more comprehensive 

understanding of dangers.  In addition to reaching previously uninsured portions of the population, this can 

enable them to provide insurance coverage for hazards that were previously challenging to insure, like cyber 

[21]. 

• Prevention and mitigation of risks: Insureds can benefit from AI insights to lower and minimize risks. 

• Reduced cost of risk pooling: AI makes it possible to (partially) automate a number of procedures, including 

as risk assessment, underwriting, and claims processing, which increases productivity and lowers expenses 

[22]. Also, AI may lower claims through improved risk reduction and prevention. 

 

D. Machine Learning Models in Insurance 

The matter that the predicted loss is heavily reliant on the specifics of each program may be better understood with the 

use of predictive models. Large amounts of data may be processed in real time by machine learning, which can then use 

historical data to provide insightful insights. In this manner, insurers are able to recognize each individual client and 

create insurance programs for them. Discovered that insurers may provide a customized health insurance plan built 

using an artificial neural network rather than a health insurance plan that charges clients for services they may not use. 

Thus, ML in medical insurance increases the efficacy and efficiency of treatment [23]. a reliable model for insurance 

firms to forecast whether a client will have a longer engagement with the insurance. According to them, applying ML 

techniques in the insurance industry might potentially similar to using them in other sectors where they are currently in 

use.  Optimizing marketing tactics, growing the company, increasing revenue, and cutting expenses are the objectives. 

 

IV. MACHINE LEARNING MODELS FOR LAPSE PREDICTION 

Accurately anticipating policy defaults has become a critical problem for insurers in the quickly changing life insurance 

market. Conventional lapse prediction techniques frequently depend on rigid, rule-based frameworks that are unable to 

adjust to the intricate and ever-changing behavior of policyholders. By using massive amounts of previously collected 

information in order to identify similarities and insights that might not be immediately obvious through traditional 

analysis, ML models provide a potent substitute [24]. In order to more accurately anticipate the possibility of lapse, 

these models can evaluate a number of variables, including policy features, policyholder demographics, payment 

history, and economic conditions. As the insurance sector embraces digital transformation, including ML-driven 

techniques into lapse prediction improves risk assessment and gives insurers the option to take preemptive measures 

that will increase client retention and long-term financial stability. The various machine learning approaches used in 

lapse prediction are examined in this section, along with their advantages, disadvantages, and usefulness for life 

insurance companies. 

 

A. Supervised Learning Models 

This ascertain a system's input-output connection information, trained under supervision, a machine learning paradigm, 

employs a set of paired input-output training examples. Designated training data or monitored information are other 

names for an input-output retraining sample since the output is regarded as the label of what was input data or the 

subject of supervision [25]. Inductive Three alternative names describing supervised learning as Machine Learning, 

Learning from Labelled Data, and Learning with a Teacher exist in the literature. An artificial system developed 

through supervised learning gains the capacity to predict new outcomes from unknown inputs while learning about their 

input-output relationship. When discrete class labels form the set of possible output values the learned mapping 

function transforms inputs into classifications.  When the output function accepts continuous values the input values 

will automatically revert [26]. Learning-model parameters function as standard practice to represent input-output 

connection information. A learning system must carry out estimating methods to obtain these properties because 

training samples do not provide them directly. 
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B. Deep Learning Models 

Deep learning model falls into one of four broad 

The most important types of DL are illustrated in Figure 3, which also includes models from each kind

Figure 3:  Schematic 

The models built using DL with supervision are among the main categories of deep learning models that are created 

utilizing a labelled training dataset. These models adjust the weights until the error is reduced after testing accuracy 

using a function and loss function suitably reduced.  Additionally, as a majority of practical deep learning models, deep 

unsupervised models have attracted a lot of attention

only a small number of unlabeled samples

adversarial networks, deep belief neural networks, constrained Boltzmann machines, and a

making decisions by figuring out the best course of action in a given situation to maximize rewards is known as RL. 

Interactions with the environment result in the best possible behavior. When it comes to data exploration and 

hyperparameter tuning settings, deep learning models offer both advantages and disadvantages. Consequently, these 

models' emphasized flaws may prevent them from becoming effective strategies in many situations.

 

C. Modeling Prospective Lapse Risk with Machine L

A novel challenge for future lapse risk estimation is the integration of danger

prediction model, even though digital medicines can realistically monitor and extract them using smartphone tools and 

sensors. There are several recognized steady and dynamic variables that are related to the likelihood of a lapse. 

Additionally, it is hypothesized to be the outcome of intricate, interacting, and nonlinear functions of those variables

[29]. In order to reach the high level of prediction accuracy required for clinical deployment

statistical models utilized be capable of supporting complicated data

These statistical models also need to be good generalizers, meaning they should work well with other individuals and 

environments than what was used to train them. Only then can they be effective for clinical implementat

problems are poorly addressed by the analytical methods commonly used in theoretical studies of lapse risk, such as 

multilevel and generalized linear models. Machine learning techniques, on the other hand, were created with these ends 

in mind. 
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Deep learning model falls into one of four broad types: supervised, unsupervised, hybrid, and reinforcement learning. 

The most important types of DL are illustrated in Figure 3, which also includes models from each kind

 
Schematic Review of the Models in Deep Learning 

models built using DL with supervision are among the main categories of deep learning models that are created 

utilizing a labelled training dataset. These models adjust the weights until the error is reduced after testing accuracy 

function suitably reduced.  Additionally, as a majority of practical deep learning models, deep 

unsupervised models have attracted a lot of attention. These models are frequently used to create systems that require 

abeled samples to be trained [28]. The models fall into four categories: generative 

adversarial networks, deep belief neural networks, constrained Boltzmann machines, and auto-encoders. 

making decisions by figuring out the best course of action in a given situation to maximize rewards is known as RL. 

Interactions with the environment result in the best possible behavior. When it comes to data exploration and 

tuning settings, deep learning models offer both advantages and disadvantages. Consequently, these 

models' emphasized flaws may prevent them from becoming effective strategies in many situations. 

Modeling Prospective Lapse Risk with Machine Learning 

l challenge for future lapse risk estimation is the integration of danger-related variables into a mathematical risk 

prediction model, even though digital medicines can realistically monitor and extract them using smartphone tools and 

veral recognized steady and dynamic variables that are related to the likelihood of a lapse. 

Additionally, it is hypothesized to be the outcome of intricate, interacting, and nonlinear functions of those variables

. In order to reach the high level of prediction accuracy required for clinical deployment, it is impera

statistical models utilized be capable of supporting complicated data-generating processes with many dimensions

These statistical models also need to be good generalizers, meaning they should work well with other individuals and 

environments than what was used to train them. Only then can they be effective for clinical implementat

oblems are poorly addressed by the analytical methods commonly used in theoretical studies of lapse risk, such as 

multilevel and generalized linear models. Machine learning techniques, on the other hand, were created with these ends 
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unsupervised, hybrid, and reinforcement learning. 

The most important types of DL are illustrated in Figure 3, which also includes models from each kind [27]. 
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These models are frequently used to create systems that require 
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encoders. The science of 

making decisions by figuring out the best course of action in a given situation to maximize rewards is known as RL. 

Interactions with the environment result in the best possible behavior. When it comes to data exploration and 
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related variables into a mathematical risk 

prediction model, even though digital medicines can realistically monitor and extract them using smartphone tools and 

veral recognized steady and dynamic variables that are related to the likelihood of a lapse. 

Additionally, it is hypothesized to be the outcome of intricate, interacting, and nonlinear functions of those variables 

, it is imperative that the 

generating processes with many dimensions [30]. 

These statistical models also need to be good generalizers, meaning they should work well with other individuals and 

environments than what was used to train them. Only then can they be effective for clinical implementation.  These 

oblems are poorly addressed by the analytical methods commonly used in theoretical studies of lapse risk, such as 

multilevel and generalized linear models. Machine learning techniques, on the other hand, were created with these ends 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology  

                               International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 5, Issue 6, April 2025 

 Copyright to IJARSCT         DOI: 10.48175/IJARSCT-25328  201 

    www.ijarsct.co.in  

 
 

ISSN: 2581-9429 Impact Factor: 7.67 

 
D. Policy Holder Attrition Using Machine Learning 

The common occurrence of employees leaving an organization for various reasons, such resignation, is known as staff 

attrition.  Employee turnover can occur for several reasons [31]. The turnover rate is higher than the hiring rate. The 

company loses money since the positions are left empty when employees depart. One way to gauge a company's 

success is by looking at its personnel turnover rate [32]. The high rate of employee turnover indicates that workers are 

departing at a rapid pace.  Gains made by the company are cut short due to the high incidence of employee turnover. 

Controlling the attrition rate is crucial for the organization's success. 

A better consideration of various staff attrition rates might help one understand the exhaustion procedure.   One 

indicator of the retention type is whether or not an employee voluntarily leaves their job. In the event when a company 

fires an employee, it is considered involuntary attrition.  The departure of an employee to take a job with a different 

company is an example of external attrition. A job advancement that transfers a staff member is a prime instance of 

internal turnover to a different role inside the same company. The pace at which employees depart from a company is 

called the employee attrition rate [33]. Measuring the attrition rate allows us to pinpoint the root reasons and variables 

that essential be addressed in directive to eradicate operative abrasion. To get the attrition rate, take the total number of 

employees that have departed and divide it by the typical number of workers throughout a certain time frame. 

Examining an organization's rate of departure is one technique to gauge its success over time. 

Predicting loss of staff members with ML is a vital aspect of HR analytics, helping organizations identify factors 

contributing to workforce turnover and implement data-driven retention strategies [34]. Train models using common 

datasets like Kaggle Employee Turnover and IBM HR Analytics. Deep learning methodologies, including neural grids, 

conclusion trees, RF, and LR, are also utilized [35]. Key predictive features include demographics, job satisfaction, 

salary, performance, and work environment factors. Model efficacy may be evaluated using evaluation measures, 

including ROC-AUC score, recall, accuracy, and precision. However, challenges like data imbalance, bias in historical 

records, and ethical concerns in decision-making remain critical considerations. 

 

V. LITERATURE OF REVIEW 

A literature of Review Section on artificial intelligence applications to lapse risk identification in life insurance is 

included in this section.  Predicting policy failures and improving risk assessment are many topics covered. 

Rahman et al. (2023) suggest a machine-learning algorithm that uses data to forecast when medical devices will break.  

In order to foretell when 8,294 life-sustaining medical equipment may break down, the suggested predictive model 

incorporates multimodal data from structured maintenance as well as unstructured text narratives from maintenance 

reports.  A total of fifteen Malaysian healthcare facilities contributed 44 kinds of essential healthcare supplies to the 

model's development. For the purpose of solving a classification issue, they will divide failure predictions into three 

groups: class 1, which is highly Class 2 is expected to fail within the first three years. Class 3 is very likely to fail after 

a period of three years from the date of installation commissioning, and Class 1 is unlikely to fail during the first year of 

operation.  Approach to subject demonstrating and amalgamation:  Sublime Dirichlet  Unstructured data is subjected to 

allocation in order to reveal hidden decorations in failure-related conservation proceedings [36] 

Shamsuddin, Ismail and Nur-Firyal (2023) This study's overarching goal is to pave the way for the sustainable growth 

of the life insurance business by offering a useful framework for the prediction of prospective policyholders via the use 

of data mining techniques with various sampling methodologies.  To address the imbalance in the dataset, many sample 

strategies are suggested, including approaches that incorporate bagging and boosting, the haphazardly Under-sample 

strategy, and the Manufactured Minority Excessive sampling methodology. The decision tree is found to be the top 

performer in terms of ROC, whereas Naïve Bayes appears to be the top performer when considering balanced accuracy, 

F1 score, and GM comparison.  Also, in this unbalanced dataset, ensemble models fail to deliver expected results.  To 

counteract this imbalance, however, the ensembled and sampling approach is crucial [37]. 

Lee et al. (2023) Objective that uses the Global Findex 2021 Database to train using ML models to predict Malaysian 

healthcare usage.  Top marks for accuracy and precision went to the framework of trees of decisions trained through 

data.  According to the results, the government and Takaful service providers can work together to create Takaful 

products for people with lower incomes and those without jobs.  Also, to make sure everyone is financially literate and 
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help Malaysia move towards a more financially inclusive society, the government should do a great job of promoting 

financial digitalization and financial literacy.  Implementing machine learning techniques with Malaysia's distinct 

financial inclusion framework is an impressive achievement [38].  

Gupta et al. (2022) Using FL to forecast life insurance client risk.  The data utilized in this study is sourced from the 

Kaggle Sagacious Life Protection Assessment dataset. They employ the Dirichlet Process to split the data in order to 

mimic various client distributions. You may construct varying percentages of clients who took part in the procedure of 

learning, as well as groupings that span a range of resemblance by changing the values of the concentration parameter.  

The results demonstrate that the strategy that was suggested is sound.  Assessing a client's risk level in order to 

determine their life insurance premium and policy details is a crucial part of the life insurance industry's operations.  

Machine learning (ML) has simplified these kinds of jobs [39]. 

Dagba and Lokossou (2022) introduce a method for estimating the likelihood of health insurance premium nonpayment.  

Out of a total of 186 instances, 127 were used for the learning phase (or 70% of the corpus) and 59 were used for the 

validation and test phases (or 30% of the corpus).  Age, marital status, recent sickness, gender, wearing of medical 

spectacles or prosthesis, rate of recovery, and ceiling surpassed are all variables that are used to characterize each 

example.  Data normalization was followed by an analysis to guarantee non-redundancy by the calculation of the 

covariance. During the training process, the error back propagation method is employed. They were able to keep the 

amount of buried layer neurons by reducing the square root error [40]. 

Spedicato et al. (2021) investigate whether new ML methods, such as the amount of insurance provided to prospective 

subscribers, may be optimized via the implementation of tree-boosted models. Their in-depth evaluation of the 

advantages and disadvantages of their usage is warranted, given their predictive gain over GLMs.  In most developed 

insurance markets, price optimization is becoming more important because of rising levels of competition, which in 

turn forces insurers to optimize their rating and take consumer behavior into account [41]. 

Table I provides the Literature review based on Predictive AI for Identifying Lapse Risk in Life Insurance including 

study, Approach, key findings, challenges and limitations.  

Table 1: Summary of literature review based on Predictive AI for Identifying Lapse Risk in Life Insurance 

Reference Study On Approach Key Findings Challenges Limitations 

Rahman et 

al. (2023) 

Predicting 

medical 

device failure 

Machine learning 

with multimodal 

data (structured + 

unstructured) using 

Latent Dirichlet 

Allocation (LDA) 

for topic modelling 

Successfully predicted 

failure risk of 8,294 

medical devices, 

classifying failures 

into three categories. 

Handling 

unstructured 

text in 

maintenance 

reports 

Potential biases in 

dataset distribution 

across different 

institutions 

Shamsuddin 

et al. (2023) 

Predicting 

potential life 

insurance 

policyholders 

Data mining with 

different sampling 

methods (SMOTE, 

under-sampling, 

bagging, boosting) 

Decision Tree 

performed best by 

ROC; Naïve Bayes 

performed best by 

balanced accuracy and 

F1-score 

Imbalanced 

dataset 

affecting model 

performance 

Ensemble methods 

did not always 

guarantee high 

performance 

Lee et al. 

(2023) 

Predicting 

insurance 

uptake in 

Malaysia 

Machine learning 

using Decision Tree 

on Global Findex 

2021 dataset 

Decision Tree 

provided the best 

precision and 

accuracy; identified 

Takaful opportunities 

for financial inclusion 

Engaging 

government and 

insurers for 

policy 

development 

Financial literacy 

and digitalization 

barriers remain 

Gupta et al. 

(2022) 

Risk 

prediction in 

Federated Learning 

(FL) with Dirichlet 

FL effectively 

assessed risk levels 

Simulating 

diverse data 

Privacy concerns 

with FL 
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life insurance Process for data 

partitioning 

for policy assignment 

and premium 

decisions 

distributions for 

robust 

modeling 

implementation in 

real-world 

insurance settings 

Dagba and 

Lokossou 

(2022) 

Risk of non-

payment in 

health 

insurance 

Backpropagation 

algorithm with 

normalization and 

covariance analysis 

Model minimized 

quadratic error to 

determine non-

payment risk factors 

Small dataset 

size impacting 

generalizability 

Limited features 

considered for risk 

assessment 

Spedicato et 

al. (2021) 

Premium 

optimization 

in insurance 

markets 

Tree-boosted 

models vs. GLMs 

for pricing 

optimization 

Tree-boosted models 

outperform GLMs in 

predictive power 

Balancing 

competition 

with fair 

pricing 

strategies 

Complexity in 

interpreting tree-

boosted models for 

regulatory 

compliance 

 

VI. CONCLUSION 

The integration of AI and machine learning in life insurance has the potential to revolutionize risk assessment, policy 

pricing, and customer engagement. By leveraging predictive modeling, insurers can enhance decision-making, 

minimize policy lapsation, and improve operational efficiency. Additionally, AI-driven insights help in mitigating risks 

associated with mortality, policy replacements, and external factors affecting the industry. The adoption of these 

advanced technologies ensures more personalized insurance solutions, thereby benefiting policyholders, insurers, and 

intermediaries alike. However, the success of AI implementation depends on robust data management, ethical 

considerations, and regulatory compliance to maintain trust and transparency within the industry. Predictive AI models 

for life insurance lapse risk may struggle with data quality issues, such as missing or biased historical records, leading 

to inaccurate predictions. Additionally, regulatory and ethical concerns around AI-driven decisions can limit real-world 

implementation. 

Future studies should focus on refining AI algorithms for more accurate risk prediction and fraud detection in life 

insurance. Enhancing interpretability in machine learning models can improve regulatory compliance and decision-

making transparency. Additionally, exploring blockchain integration for secure policy management and claim 

settlements can further transform the industry. The role of AI in dynamic pricing models and customer retention 

strategies should also be investigated. Furthermore, addressing ethical concerns related to algorithmic bias and data 

privacy will be critical in ensuring responsible AI adoption in the insurance sector. 
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