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Abstract 

The life insurance industry relies heavily on accurate mortality risk prediction to ensure 

financial stability and offer competitive products. Traditional underwriting methods, 

primarily dependent on self-reported data and medical history, often lack the granularity to 

capture the complex interplay of factors influencing longevity. Artificial Intelligence (AI), 

particularly machine learning (ML) techniques, has emerged as a powerful tool to address this 

challenge. This paper delves into the application of AI for mortality risk prediction in life 

insurance, exploring various techniques, model development processes, validation strategies, 

and real-world implementations for improved underwriting decisions. 

The paper commences with an overview of the life insurance underwriting process, 

highlighting the significance of accurate mortality risk assessment. We then discuss the 

limitations of traditional methods, emphasizing the inability to capture emerging risk factors 

and potential biases in human judgment. Subsequently, the paper delves into the theoretical 

underpinnings of AI and ML, particularly supervised learning algorithms commonly 

employed for mortality risk prediction. Techniques such as logistic regression, random 

forests, and gradient boosting are explored, along with their strengths and weaknesses in this 

specific context. 

A crucial aspect of this paper is the detailed exploration of model development and validation 

processes. We discuss data acquisition strategies, emphasizing the importance of data quality, 

diversity, and ethical considerations. Feature engineering techniques for transforming raw 

data into meaningful predictors for AI models are elaborated upon. The paper sheds light on 
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model training methodologies, including cross-validation and hyperparameter tuning, to 

optimize model performance and prevent overfitting. 

Validation of AI models for life insurance applications is paramount. We discuss various 

validation metrics relevant to mortality risk prediction, such as Area Under the Curve (AUC) 

and Brier Score. Techniques for assessing model calibration and fairness are also explored, 

ensuring reliable and unbiased predictions. Addressing the potential for bias in AI models 

due to inherent biases in training data or algorithmic design is crucial. The paper examines 

mitigation strategies such as fairness-aware data pre-processing and model interpretability 

techniques like SHAP (SHapley Additive exPlanations) values. 

Following a thorough discussion of model development and validation, the paper transitions 

to exploring real-world applications of AI for mortality risk prediction in life insurance. We 

examine how AI can streamline underwriting processes by automating tasks and facilitating 

faster decision-making. The potential for personalized premiums based on individual risk 

profiles is explored, enabling a more just and competitive insurance market. Additionally, the 

paper discusses the role of AI in risk-based product development, allowing insurers to cater 

to specific customer segments with tailored insurance solutions. 

The concluding section of the paper emphasizes the transformative potential of AI for the life 

insurance industry. While acknowledging the ethical considerations and regulatory hurdles 

surrounding the use of AI in insurance, the paper underscores the potential benefits of 

improved risk assessment, streamlined processes, and ultimately, a more efficient and 

inclusive insurance market. We propose future research directions, highlighting the need for 

continuous model development, robust validation frameworks, and ongoing efforts to ensure 

fairness and explainability in AI-powered underwriting. 
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1. Introduction 

The life insurance industry serves as a cornerstone of financial security, providing individuals 

and families with a critical safety net in the event of death. Underpinning this essential service 

is the concept of mortality risk – the likelihood of an insured individual passing away within 

a specific timeframe. Actuarial science, a specialized field of mathematics concerned with risk 

assessment, plays a pivotal role in life insurance by enabling insurers to accurately predict 

mortality rates and set premiums accordingly. These premiums, in turn, form the foundation 

for the financial stability of the insurance industry, ensuring its capacity to fulfill its 

obligations to policyholders. 

Traditional life insurance underwriting methods rely heavily on self-reported data, such as 

medical history and lifestyle habits, to assess mortality risk. While these methods have served 

the industry well for decades, they are increasingly recognized as possessing limitations in 

the face of a rapidly evolving landscape. Firstly, self-reported data is inherently susceptible to 

inaccuracies and biases. Individuals may unintentionally or intentionally misrepresent their 

health status or lifestyle choices, leading to skewed risk assessments. For instance, an 

applicant with a family history of a particular disease may choose to omit this information to 

secure a lower premium. Secondly, traditional methods often struggle to capture the complex 

interplay of emerging risk factors that can significantly influence longevity. Social 

determinants of health, including socioeconomic status, access to healthcare, and 

environmental factors, are increasingly recognized as playing a crucial role in mortality risk. 

Consideration of these factors is often limited in traditional methods due to the challenges of 

data collection and integration. Finally, traditional methods, which often rely on human 

judgment, can be susceptible to unconscious bias. Underwriters, despite their training and 

experience, may make subjective decisions based on factors unrelated to actual risk, 

potentially leading to unfair or discriminatory outcomes for certain demographics. 

Artificial intelligence (AI), particularly the subfield of machine learning (ML), has emerged as 

a transformative force with the potential to revolutionize mortality risk assessment in life 

insurance. ML algorithms can leverage vast datasets encompassing traditional underwriting 

factors alongside novel data sources, such as wearable device data tracking sleep patterns and 

physical activity levels, electronic health records providing a more comprehensive view of 

medical history, and even social media information that can offer insights into lifestyle habits 
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and social support networks. By discerning complex patterns within these diverse datasets, 

ML models can predict mortality risk with greater accuracy and granularity compared to 

traditional methods. This enhanced predictive power holds the promise of significant benefits 

for the life insurance industry, enabling the development of more just, efficient, and 

financially sustainable insurance products for a wider range of customers. For instance, 

individuals who traditionally might be deemed high-risk due to limited medical history or 

pre-existing conditions could potentially secure fairer premiums if ML models can 

incorporate and analyze their wearable device data demonstrating a healthy lifestyle. 

 

2. Life Insurance Underwriting Process 

The life insurance underwriting process serves as the cornerstone of the insurance company's 

risk management strategy, meticulously evaluating an applicant's eligibility for coverage and 

establishing the premium they will pay. This multi-stage process ensures financial stability 

for the insurer and fair pricing for policyholders. 
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• Data Collection: The initial phase involves a comprehensive data gathering exercise 

to build a detailed picture of the applicant's health, lifestyle, and financial background. 

This data collection primarily relies on application forms meticulously completed by 

the applicant. These forms typically delve into factors like age, gender, medical history 

spanning both current and past conditions, family health history to identify potential 

hereditary risks, smoking status and past tobacco use, and occupation, with certain 

professions deemed inherently riskier due to exposure to hazardous environments or 

physically demanding work. 

In addition to self-reported data, the underwriting process often involves obtaining 

authorization to access the applicant's medical records from healthcare providers. This allows 

for verification of the applicant's reported health history and a deeper understanding of 

potential health issues. 

• Medical Evaluation: To corroborate self-reported information and gain a more holistic 

view of the applicant's health, a medical evaluation is frequently integrated into the 

underwriting process. This evaluation may encompass a physical examination 

conducted by a designated physician, potentially including assessments of weight, 

blood pressure, and overall health status. Standardized medical questionnaires may 

also be administered to gather further details about the applicant's health habits and 

any current or past symptoms. Standardized laboratory tests are often employed to 

assess cholesterol levels, blood sugar levels, and the presence of potential health 

markers like elevated liver enzymes or abnormal kidney function. Depending on the 

applicant's age, health profile, or red flags identified during the initial stages, 

additional diagnostic tests such as electrocardiograms (ECGs) to assess heart function 

or X-rays to investigate potential respiratory issues may be requisitioned. 

• Risk Classification: Once all the data from the application forms, medical records, and 

medical evaluation (if applicable) have been compiled and reviewed, the underwriter 

engages in a meticulous risk classification process. This process involves meticulously 

analyzing the accumulated information to assign the applicant to a specific risk class. 

This risk class reflects the perceived likelihood of the applicant's death within the 

policy term. Applicants deemed to pose a higher mortality risk due to pre-existing 

conditions like heart disease or diabetes, lifestyle choices like smoking or excessive 
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alcohol consumption, or certain occupations with inherent risks will be assigned to a 

higher risk class. A higher risk class translates into a higher premium to compensate 

the insurer for the increased risk of a payout within the policy term. Conversely, 

applicants exhibiting a lower mortality risk profile due to good health, healthy lifestyle 

choices, and a low-risk occupation may qualify for a lower risk class and a more 

favorable premium. This risk classification system serves as the foundation for 

premium pricing, ensuring that premiums accurately reflect the applicant's individual 

risk profile and achieve fairness for both the insurer and the policyholder. 

 

3. Limitations of Traditional Underwriting Methods 

While traditional life insurance underwriting methods have served the industry for a 

significant period, they are increasingly recognized as possessing limitations that hinder their 

effectiveness in the face of a rapidly evolving risk landscape. A crucial limitation lies in the 

inherent challenges associated with self-reported data, which forms the cornerstone of these 

methods. 

 

• Inaccuracy and Incompleteness: Self-reported data is susceptible to both 

unintentional and intentional inaccuracies. Applicants may inadvertently forget or 

omit past medical conditions or misrepresent their current health status. Alternatively, 

some may deliberately withhold information deemed unfavorable in an attempt to 

secure a lower premium. This lack of complete and accurate data can significantly 

skew the risk assessment process, leading to underestimation or overestimation of an 

applicant's true mortality risk. For instance, an applicant with a family history of a 

particular cancer may choose to omit this information, resulting in an inaccurate risk 

classification and potentially an unfairly low premium for the insurer. 

• Limited Scope: Traditional methods primarily focus on established health factors 

readily obtainable through self-reported data and medical records. However, this 

approach fails to capture the complex interplay of emerging risk factors that can 

significantly influence longevity. Social determinants of health, encompassing factors 

like socioeconomic status, access to healthcare, education level, and environmental 
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factors, are increasingly recognized as playing a substantial role in mortality risk. 

Traditional methods often struggle to integrate these social determinants due to the 

challenges of data collection and analysis. For example, an applicant residing in a low-

income neighborhood with limited access to healthy food options and quality 

healthcare may be deemed higher risk solely based on their zip code, even if they 

maintain a healthy lifestyle. 

• Subjectivity and Bias: Despite their training and experience, underwriters relying on 

traditional methods are susceptible to unconscious bias. Subjective judgments based 

on factors unrelated to actual risk, such as an applicant's age, race, or occupation, may 

inadvertently creep into the risk classification process. These biases can lead to unfair 

and discriminatory outcomes for certain demographics, potentially hindering access 

to affordable life insurance for individuals from underserved communities. 

Limited Adaptability to Emerging Risk Factors: The static nature of traditional underwriting 

methods presents another significant limitation. These methods often rely on a predefined set 

of risk factors, struggling to adapt to the continuous emergence of new factors that can 

influence mortality risk. For instance, the growing body of research on the impact of social 

media use, sleep patterns tracked by wearable devices, and even an individual's microbiome 

on health outcomes is not readily integrated into traditional risk assessments. This inability to 

adapt to evolving risk factors can lead to inaccurate mortality predictions and hinder the 

development of innovative insurance products that cater to the changing needs of a diverse 

population. 

Inefficiency and Lack of Transparency: Traditional underwriting processes can be 

cumbersome and time-consuming, often requiring lengthy application forms, extensive 

medical questionnaires, and potentially multiple in-person visits with healthcare providers. 

This can create a barrier to entry for potential policyholders, particularly those who may find 

the process daunting or lack the time to navigate its complexities. Furthermore, the reliance 

on subjective underwriter judgment can lead to a lack of transparency for applicants, who 

may struggle to understand the rationale behind their assigned risk class and corresponding 

premium. This lack of transparency can foster feelings of mistrust and dissatisfaction with the 

insurance provider. 
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While traditional life insurance underwriting methods have laid the groundwork for the 

industry, they are increasingly recognized as insufficient in the face of a more complex and 

dynamic risk landscape. The limitations associated with self-reported data, a restricted focus 

on established risk factors, potential for subjectivity and bias, limited adaptability to emerging 

risk factors, and inefficiencies in the underwriting process necessitate the exploration of 

alternative approaches. This is where Artificial Intelligence (AI) and Machine Learning (ML) 

present themselves as transformative forces with the potential to revolutionize mortality risk 

assessment in life insurance. 

 

4. Introduction to Artificial Intelligence and Machine Learning 

Artificial intelligence (AI) encompasses a broad spectrum of computer science concepts and 

methodologies aimed at enabling machines to exhibit intelligent behavior. At its core, AI 

strives to create systems capable of learning, reasoning, problem-solving, and adapting to new 

situations, often mimicking human cognitive processes. The field of AI encompasses a 

multitude of subfields, each with its own unique approach to achieving intelligent behavior. 

Machine learning (ML) represents a particularly powerful subfield of AI that has garnered 

significant attention in recent years due to its remarkable ability to learn from data without 

explicit programming. 

ML algorithms can be broadly categorized into two main learning paradigms: supervised 

learning and unsupervised learning. Supervised learning, the focus for applications in 

mortality risk prediction, involves training an algorithm on a labeled dataset. This dataset 

comprises data points (instances) where each instance is associated with a corresponding label 

or target variable. In the context of mortality risk prediction, the data points might represent 

individual applicants, with features such as age, gender, medical history, and lifestyle habits 

serving as the instances. The target variable would be a binary label indicating whether the 

applicant passed away within a specific timeframe (e.g., deceased within 10 years). By 

analyzing the relationships between the features and the target variable within the training 

data, the ML algorithm learns to identify patterns and establish a model that can then be used 

to predict the target variable (mortality risk) for new, unseen data points (applicants). 

https://jair.thesciencebrigade.com/?utm_source=ArticleHeader&utm_medium=PDF
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en


Journal of Artificial Intelligence Research 
By The Science Brigade (Publishing) Group  46 
 

 
Journal of Artificial Intelligence Research  

Volume 3 Issue 1 
Semi Annual Edition | Spring 2023 

This work is licensed under CC BY-NC-SA 4.0. View complete license here 

Unsupervised learning, on the other hand, deals with unlabeled data, where the data points 

lack predefined categories or labels. The objective in unsupervised learning is to uncover 

hidden patterns or structures within the data itself. While unsupervised learning may not be 

directly applicable to mortality risk prediction, it can be valuable in pre-processing data or 

identifying hidden risk factors that might later be incorporated into supervised learning 

models. 

 

Machine Learning for Mortality Risk Prediction 

Within the broad domain of AI, supervised learning algorithms hold immense potential for 

revolutionizing mortality risk prediction in life insurance. These algorithms operate by 

learning from historical data, enabling them to identify complex relationships between 

various factors and predict future outcomes. In the context of life insurance, the goal is to 

develop an ML model that can accurately assess an applicant's mortality risk based on a 

multitude of features. 

• Features and Labels: The data employed to train an ML model for mortality risk 

prediction is comprised of features and labels. Features represent the individual 

characteristics or attributes associated with each applicant. These features can 

encompass traditional underwriting factors readily obtainable through application 
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forms and medical records, such as age, gender, smoking status, body mass index 

(BMI), and past medical history. However, the power of ML lies in its ability to 

leverage a much broader range of features beyond these traditional factors. This may 

include social determinants of health like socioeconomic status and zip code, wearable 

device data tracking sleep patterns and physical activity levels, and even anonymized 

social media data that can offer insights into lifestyle habits and social support 

networks. The label, on the other hand, represents the target variable the model aims 

to predict. In mortality risk prediction, the label is typically a binary variable indicating 

whether the applicant passed away within a specific timeframe (e.g., deceased within 

10 years). 

• Model Training: The core of the supervised learning process lies in model training. 

The ML algorithm is presented with a vast dataset containing numerous data points 

(applicants) with their corresponding features (age, health history, etc.) and labels 

(deceased or alive within a specific timeframe). By analyzing the relationships between 

features and labels within this training data, the algorithm progressively learns to 

identify patterns and establish a model that can map these features to the desired 

outcome (mortality risk). This model can then be used to predict the mortality risk for 

new, unseen data points (applicants) by analyzing their features and applying the 

learned patterns. 

The specific type of supervised learning algorithm employed for mortality risk prediction can 

significantly influence the model's performance and effectiveness. Several well-established 

algorithms have demonstrated promising results in this domain, each with its own strengths 

and weaknesses. The following section will delve into some of the most commonly used 

algorithms for mortality risk prediction in life insurance. 

 

5. AI Techniques for Mortality Risk Prediction 

Supervised learning algorithms offer a diverse toolkit for tackling mortality risk prediction in 

life insurance. Each algorithm possesses unique characteristics and exhibits varying levels of 

effectiveness depending on the specific data and desired outcomes. Here, we explore three 
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commonly employed algorithms in this domain: Logistic Regression, Random Forests, and 

Gradient Boosting Machines. 

• Logistic Regression: 

Logistic regression stands as a fundamental and widely used supervised learning algorithm. 

It excels at modeling the relationship between a set of independent features (applicant 

characteristics) and a binary dependent variable (mortality risk in our case). Logistic 

regression builds a mathematical model that estimates the probability of an applicant 

belonging to a specific category (deceased within a timeframe) based on the values of their 

features. The algorithm analyzes the training data, identifying the influence of each feature on 

the likelihood of mortality. This statistical analysis allows the model to assign weights to each 

feature, reflecting their relative importance in predicting the target variable. The resulting 

model can then be used to calculate the probability of an applicant passing away within a 

specified timeframe based on their individual characteristics. Logistic regression offers 

interpretability as the weights assigned to features provide insights into their relative impact 

on mortality risk. However, its performance can be limited for complex datasets with intricate 

relationships between features. 

https://jair.thesciencebrigade.com/?utm_source=ArticleHeader&utm_medium=PDF
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en


Journal of Artificial Intelligence Research 
By The Science Brigade (Publishing) Group  49 
 

 
Journal of Artificial Intelligence Research  

Volume 3 Issue 1 
Semi Annual Edition | Spring 2023 

This work is licensed under CC BY-NC-SA 4.0. View complete license here 

 

• Random Forests: 

Random forests represent an ensemble learning technique that leverages the power of 

multiple decision trees. Decision trees are a type of supervised learning algorithm that operate 

by constructing a tree-like model with decision nodes and branches. At each node, the model 

evaluates a specific feature and follows a branch based on the value of that feature. This 

process continues until a leaf node is reached, representing a predicted outcome (mortality 

risk in this context). Random forests address the limitations of single decision trees by creating 

an ensemble of numerous, slightly diversified decision trees trained on random subsets of 

features and data points. When presented with a new applicant, each tree in the ensemble 

makes a prediction, and the final outcome is determined by aggregating the predictions of all 

the trees (e.g., majority vote for classification tasks). Random forests are robust to outliers and 

can handle complex, non-linear relationships within the data. However, they can be less 
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interpretable compared to logistic regression as the internal workings of the ensemble can be 

opaque. 

 

• Gradient Boosting Machines: 

Gradient boosting machines (GBMs) are another powerful ensemble learning technique that 

utilizes a sequential approach. GBMs build a series of models iteratively, where each 

subsequent model aims to improve upon the shortcomings of the previous one. The first 

model is trained on the entire dataset, and its predictions are compared to the actual labels. 

The errors (differences between predictions and actual outcomes) are then analyzed, and a 

second model is built specifically to focus on correcting these errors. This process continues 

iteratively, with each new model learning from the errors of the previous ones. By leveraging 

this ensemble approach, GBMs can achieve high accuracy in mortality risk prediction. 

However, similar to random forests, they can be less interpretable as the internal workings of 

the ensemble model can be complex. 
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The selection of an optimal AI technique for mortality risk prediction hinges on a nuanced 

understanding of the strengths and weaknesses inherent to each algorithm. Here, we delve 

deeper into the advantages and limitations of the previously discussed algorithms: 

• Logistic Regression: 

Strengths: 

• Interpretability: Logistic regression offers a significant advantage in interpretability. 

The weights assigned to each feature provide valuable insights into their relative 

impact on mortality risk. This transparency allows underwriters to understand how 

the model arrives at its predictions and fosters trust in the AI-driven approach. 

• Simplicity: The underlying mathematical framework of logistic regression is 

relatively straightforward, making it computationally efficient and less prone to 

overfitting compared to more complex models. 

• Calibration: Logistic regression inherently possesses good calibration properties, 

ensuring that the predicted probabilities of mortality closely align with the actual 

observed mortality rates. 
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Weaknesses: 

• Limited Explanatory Power: Logistic regression struggles with modeling complex, 

non-linear relationships between features. When dealing with intricate datasets 

encompassing diverse risk factors, its performance may be limited. 

• Feature Engineering: Logistic regression often requires careful feature engineering to 

ensure optimal model performance. This can involve data transformations and 

dimensionality reduction techniques, which can add complexity to the model 

development process. 

• Binary Classification: Logistic regression is inherently suited for binary classification 

tasks. While mortality risk prediction can be framed as a binary outcome (deceased 

within a timeframe), the model cannot capture the nuances of varying mortality risks 

within each category (e.g., deceased within 5 years vs. deceased within 10 years). 

• Random Forests: 

Strengths: 

• Robustness: Random forests exhibit remarkable robustness to outliers and noise 

within the data. This characteristic is particularly advantageous in real-world 

insurance datasets, where data quality may not be immaculate. 

• Non-linear Relationships: Random forests excel at handling complex, non-linear 

relationships between features. This makes them well-suited for capturing the intricate 

interplay of various risk factors influencing mortality. 

• Feature Selection: Random forests possess an inherent ability to perform feature 

selection during the model training process. The algorithm assigns importance scores 

to each feature, indicating its relative contribution to the prediction. This can be 

valuable for identifying the most influential risk factors and potentially streamlining 

the underwriting process. 

Weaknesses: 

• Interpretability: The inner workings of a random forest ensemble can be opaque, 

making it challenging to understand how the model arrives at its predictions. This lack 
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of interpretability can hinder trust and transparency, particularly for regulatory bodies 

and risk-averse insurers. 

• Overfitting: Random forests are susceptible to overfitting, especially when dealing 

with high-dimensional datasets with a large number of features. Careful 

hyperparameter tuning and regularization techniques are crucial to mitigate this risk. 

• Computational Cost: Training random forests can be computationally expensive, 

particularly with vast datasets. This can pose challenges for real-time applications or 

situations requiring frequent model retraining. 

• Gradient Boosting Machines (GBMs): 

Strengths: 

• High Accuracy: GBMs consistently demonstrate exceptional accuracy in mortality risk 

prediction tasks. Their sequential learning approach allows them to progressively 

refine the model and achieve superior performance compared to simpler algorithms. 

• Flexibility: GBMs can handle a wide range of data types, including numerical, 

categorical, and even text data. This flexibility makes them adaptable to incorporating 

diverse features beyond traditional underwriting factors. 

• Missing Data: GBMs exhibit robustness to missing data points within the training 

dataset. This is advantageous in real-world scenarios where complete data may not 

always be readily available. 

Weaknesses: 

• Interpretability: Similar to random forests, GBMs suffer from a lack of interpretability 

due to the complexity of the ensemble model. Understanding the rationale behind a 

specific prediction can be challenging. 

• Overfitting: GBMs are susceptible to overfitting if not carefully tuned. Regularization 

techniques and cross-validation strategies are essential to ensure the model 

generalizes well to unseen data. 
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• Computational Cost: Training GBMs can be computationally intensive, especially 

with large datasets. This can be a constraint for real-time applications or scenarios 

requiring frequent model updates. 

• Black Box Nature: The complex internal workings of GBMs can be likened to a black 

box, making it difficult to pinpoint the specific factors driving a particular prediction. 

This lack of transparency can raise concerns for regulatory bodies and stakeholders 

seeking to understand the rationale behind the model's decisions. 

 

6. Model Development and Validation 

The development and validation of a robust AI model for mortality risk prediction hinge on 

several critical aspects. At the core lies the acquisition of high-quality, diverse data that serves 

as the foundation for the model's learning process. 

• Data Acquisition Strategies: 

The success of an AI model in mortality risk prediction is inextricably linked to the quality 

and comprehensiveness of the data employed for training. Several strategies can be adopted 

to acquire the necessary data: 

* **Internal Data:** Existing life insurance company data serves as a valuable starting point.  

This data typically encompasses traditional underwriting factors gleaned from application 

forms, medical records, and policyholder claims history.  However, it is crucial to ensure data 

anonymization and adherence to relevant privacy regulations. 

 

* **External Data Sources:**  Venturing beyond internal data repositories can significantly 

enrich the model's learning process.  Collaboration with third-party data providers can offer 

access to anonymized datasets encompassing social determinants of health, wearable device 

data tracking health metrics, and even anonymized social media information that can provide 

insights into lifestyle habits and social support networks. 

 

https://jair.thesciencebrigade.com/?utm_source=ArticleHeader&utm_medium=PDF
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en


Journal of Artificial Intelligence Research 
By The Science Brigade (Publishing) Group  55 
 

 
Journal of Artificial Intelligence Research  

Volume 3 Issue 1 
Semi Annual Edition | Spring 2023 

This work is licensed under CC BY-NC-SA 4.0. View complete license here 

* **Synthetic Data Generation:**  In situations where access to real-world data is limited due 

to privacy concerns or data availability, synthetic data generation techniques can be explored.  

These techniques employ statistical models to create artificial data that closely resembles real-

world data while maintaining anonymity. 

• Data Quality and Diversity: 

The quality and diversity of the acquired data are paramount for building a reliable and 

unbiased model. Data cleaning techniques are essential to address missing values, outliers, 

and inconsistencies within the data. Furthermore, ensuring data diversity is crucial to prevent 

the model from perpetuating existing biases or performing poorly on demographics not well-

represented in the training data. Strategies such as incorporating data from various 

geographic regions and socioeconomic backgrounds can help mitigate bias and enhance the 

model's generalizability. 

• Ethical Considerations: 

Data acquisition and utilization for AI model development raise significant ethical concerns 

that demand careful consideration. Privacy protection is paramount, and robust 

anonymization techniques must be employed to safeguard sensitive personal information. 

Furthermore, ensuring fairness and avoiding bias in the model's predictions is crucial. 

Techniques like fairness-aware model training and algorithmic auditing can help mitigate 

these risks and promote responsible AI development in the life insurance industry. 

Feature Engineering and Data Preprocessing 

Once the data has been acquired and adheres to ethical and privacy regulations, the critical 

stage of feature engineering and data preprocessing commences. This meticulous process lays 

the groundwork for optimal model performance by transforming the raw data into a format 

suitable for the chosen machine learning algorithm. 

• Feature Engineering Techniques: 

Feature engineering encompasses a diverse toolkit of techniques designed to transform and 

manipulate the raw data to enhance its suitability for model training. Here, we explore some 

key techniques commonly employed in mortality risk prediction: 
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* **Feature Scaling:**  Features within a dataset can exhibit varying scales or units of 

measurement (e.g., age in years, income in dollars).  Feature scaling techniques like 

standardization or normalization address this issue by transforming the features to a common 

scale, ensuring that all features contribute equally to the model's learning process. 

 

* **Feature Encoding:**  Categorical features, such as zip code or occupation, require encoding 

to be interpretable by machine learning algorithms.  Techniques like one-hot encoding or label 

encoding convert categorical variables into numerical representations suitable for model 

training. 

 

* **Feature Creation:**  In some instances, new features can be derived from existing ones to 

capture more nuanced information.  For example, calculating the body mass index (BMI) from 

height and weight data can create a new feature potentially more informative for mortality 

risk assessment compared to the individual features of height and weight. 

 

* **Dimensionality Reduction:**  High-dimensional datasets with a vast number of features 

can pose challenges for machine learning models.  Dimensionality reduction techniques like 

Principal Component Analysis (PCA) can be employed to reduce the number of features while 

retaining the maximum amount of information relevant to the prediction task. 

• Model Training Methodologies: 

Following data preparation and feature engineering, the model training process commences. 

This stage involves meticulously selecting and configuring the chosen machine learning 

algorithm to achieve optimal performance. Here, we delve into two crucial methodologies 

employed for model training: 

* **Cross-validation:**  Cross-validation is a robust technique for evaluating model 

generalizability and preventing overfitting.  The data is partitioned into folds, and the model 

is trained on a subset of the data (training fold) while its performance is evaluated on the 

remaining unseen data (validation fold).  This process is repeated with different folds used 

https://jair.thesciencebrigade.com/?utm_source=ArticleHeader&utm_medium=PDF
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en


Journal of Artificial Intelligence Research 
By The Science Brigade (Publishing) Group  57 
 

 
Journal of Artificial Intelligence Research  

Volume 3 Issue 1 
Semi Annual Edition | Spring 2023 

This work is licensed under CC BY-NC-SA 4.0. View complete license here 

for training and validation, providing a more comprehensive assessment of the model's ability 

to perform well on unseen data. 

 

* **Hyperparameter Tuning:**  Machine learning algorithms often have configurable 

parameters that influence their learning behavior.  Hyperparameter tuning involves 

systematically adjusting these parameters to optimize the model's performance on the 

validation data.  Techniques like grid search or random search can be employed to explore 

various parameter combinations and identify the configuration that yields the most accurate 

and generalizable model. 

By meticulously applying feature engineering techniques, data preprocessing methods, and 

rigorous model training methodologies like cross-validation and hyperparameter tuning, data 

scientists can construct a robust and well-generalizable AI model for mortality risk prediction 

in the life insurance industry. 

 

7. Model Validation for Life Insurance Applications 

The success of AI-driven mortality risk prediction in life insurance hinges on the development 

and implementation of robust validation methodologies. A meticulously validated model 

fosters trust in its predictions, ensuring fair and accurate risk assessments for policyholders. 

• Importance of Robust Validation 

Life insurance premiums are directly tied to an applicant's perceived mortality risk. In this 

context, even minor inaccuracies in mortality risk prediction can have significant 

consequences. An under-predicted risk can lead to financial losses for the insurer, while an 

over-predicted risk can translate to unfairly high premiums for policyholders. Therefore, 

rigorous model validation is paramount to ensure the model's predictions are reliable, 

unbiased, and generalize well to unseen data. 

Robust validation serves several crucial purposes: 

* **Generalizability Assessment:**  Validation techniques like cross-validation, as discussed 

earlier, help assess how well the model performs on unseen data, mimicking real-world 
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scenarios.  This ensures the model's predictions are not simply an artifact of the training data 

and can be reliably applied to new applicants. 

 

* **Calibration Evaluation:**  Calibration refers to the agreement between the model's 

predicted probabilities of mortality and the actual observed mortality rates.  A well-calibrated 

model ensures that the predicted probabilities accurately reflect the true risk of death within 

a specified timeframe.  Calibration metrics like calibration curves can be employed to assess 

how closely the model's predictions align with reality. 

 

* **Bias Detection:**  Validation procedures can help identify potential biases within the 

model's predictions.  Techniques like fairness metrics can be used to compare the model's 

performance across different demographic subgroups.  This vigilance helps mitigate the risk 

of biased outcomes that could unfairly disadvantage certain populations. 

• Validation Metrics for Life Insurance Applications 

A diverse array of metrics can be employed to evaluate the performance of a mortality risk 

prediction model. Here, we focus on two particularly relevant metrics for life insurance 

applications: Area Under the Curve (AUC) and Brier Score. 

* **Area Under the Curve (AUC):**  AUC is a widely used metric for evaluating the 

performance of binary classification models.  In the context of mortality risk prediction, it 

represents the probability that the model will rank a randomly chosen deceased applicant 

higher than a randomly chosen alive applicant.  An AUC of 1 indicates perfect discrimination, 

while an AUC of 0.5 signifies no better than random chance.  While AUC provides a valuable 

measure of a model's ability to discriminate between high-risk and low-risk applicants, it does 

not explicitly address calibration. 

 

* **Brier Score:**  The Brier Score is a metric specifically designed for evaluating the accuracy 

of probabilistic predictions.  In mortality risk prediction, it measures the average squared 

difference between the model's predicted probabilities of death and the actual observed 
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outcomes (dead or alive).  A lower Brier Score signifies better model performance, indicating 

the model's predictions are closer to the actual outcomes.  Brier Score explicitly incorporates 

calibration into its evaluation, making it a valuable metric for life insurance applications 

where not only discrimination but also the accuracy of the predicted probabilities is crucial. 

Model Calibration and Fairness Assessment 

Beyond the core performance metrics discussed earlier, robust validation for life insurance 

applications demands meticulous attention to model calibration and fairness assessment. 

• Techniques for Model Calibration: 

Calibration ensures the model's predicted probabilities of mortality accurately reflect the 

actual observed mortality rates. Several techniques can be employed to improve model 

calibration: 

* **Platt Scaling:**  This technique applies a sigmoid function to the model's raw outputs, 

transforming them into calibrated probabilities that better align with the true risk of death. 

 

* **Isotonic Regression:**  This approach utilizes a monotonic function to map the model's 

predictions to the observed mortality rates, ensuring a more consistent relationship between 

predicted probabilities and actual outcomes. 

 

* **Quantile Calibration:**  This technique divides the data into bins based on predicted 

mortality risk and adjusts the model's predictions within each bin to match the observed 

mortality rates in that bin. 

• Fairness Assessment in AI Models: 

The potential for bias in AI models, particularly when dealing with sensitive data like 

mortality risk, necessitates rigorous fairness assessment procedures. Bias can creep into 

models at various stages, from the initial data collection to the model training process. Here, 

we explore techniques to identify and mitigate bias: 
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* **Fairness Metrics:**  Metrics like demographic parity and equalized odds can be employed 

to compare the model's performance across different demographic subgroups.  Demographic 

parity ensures the model's approval rates are consistent across groups, while equalized odds 

ensures the model's true positive rates (correctly identifying high-risk individuals) are equal 

across groups. 

 

* **Fairness-Aware Model Training:**  Techniques like incorporating fairness constraints into 

the model training objective function can nudge the model towards making predictions that 

are less prone to bias. 

 

* **Data Preprocessing for Fairness:**  Identifying and addressing biases within the training 

data itself is crucial.  Techniques like data balancing or adversarial debiasing can help mitigate 

the influence of biased data on the model's learning process. 

 

* **Explainable AI (XAI) Techniques:**  XAI methods can provide insights into the rationale 

behind the model's predictions.  This transparency allows for identifying potential bias within 

the model's decision-making process. 

• Addressing Potential Bias in AI Models: 

Mitigating bias in AI models for mortality risk prediction requires a multifaceted approach: 

* **Data Scrutiny:**  The data employed for training the model must be carefully scrutinized 

for potential biases.  Identifying and correcting biases within the data itself is the first line of 

defense. 

 

* **Algorithmic Choice:**  Selecting machine learning algorithms less susceptible to bias is 

crucial.  For instance, simpler models like logistic regression can offer greater interpretability 

compared to complex black-box models, potentially aiding in bias detection. 
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* **Human-in-the-Loop Decision Making:**  Incorporating human oversight and expertise 

into the decision-making process can help mitigate the potential for biased AI outputs.  This 

may involve involving actuaries or underwriters in reviewing high-risk cases flagged by the 

model. 

By employing a combination of model calibration techniques, fairness assessment metrics, 

and bias mitigation strategies, life insurers can foster trust and transparency in their AI-driven 

mortality risk prediction systems. This ensures that these models are not only accurate but 

also fair and unbiased in their assessments, promoting responsible AI adoption within the life 

insurance industry. 

 

8. Real-World Applications of AI in Life Insurance 

Beyond mortality risk prediction, AI offers a multitude of benefits for life insurance 

companies, streamlining processes, enhancing customer experiences, and fostering 

innovation. Here, we delve into how AI can revolutionize the underwriting process. 

• Streamlining Underwriting Processes: 

Traditional underwriting can be a time-consuming and manual process, often involving 

extensive paperwork and communication between applicants, underwriters, and medical 

professionals. AI can significantly streamline these procedures by: 

* **Automated Data Collection and Verification:**  AI-powered tools can automate the 

collection and verification of applicant data from various sources, including medical records, 

prescription databases, and public information databases.  This reduces manual tasks for 

underwriters and expedites the data gathering stage. 

 

* **Eligibility Screening:**  Machine learning models can be trained to assess an applicant's 

eligibility based on pre-defined criteria.  This allows for automated pre-screening of low-risk 

applicants, freeing up underwriters to focus on complex or borderline cases. 
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* **Risk Assessment and Pricing:**  AI models, as discussed earlier, can analyze vast amounts 

of data to generate more accurate and nuanced risk assessments.  This empowers insurers to 

offer more competitive pricing to low-risk applicants while ensuring adequate risk-based 

pricing for higher-risk individuals. 

 

* **Faster Decision-Making:**  By automating various steps within the underwriting process, 

AI can significantly accelerate decision-making.  This translates to faster policy issuance for 

low-risk applicants, improving customer satisfaction. 

• Benefits of Streamlined Underwriting: 

The adoption of AI-powered underwriting processes offers a multitude of benefits for life 

insurers and their customers: 

* **Increased Efficiency:**  Streamlining workflows through automation reduces manual tasks 

and processing times, leading to increased efficiency for underwriters. 

 

* **Reduced Costs:**  Automation and faster processing times can lead to cost savings for 

insurers, potentially translating into lower premiums for policyholders. 

 

* **Improved Customer Experience:**  Faster decision-making and a more streamlined 

application process enhance the customer experience by reducing waiting times and 

simplifying the insurance application journey. 

 

* **Data-Driven Decision Making:**  AI models leverage vast datasets to provide more 

nuanced risk assessments, fostering a more data-driven approach to underwriting. 

• Personalized Premiums and Risk-Based Products: 
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Beyond streamlining underwriting, AI empowers life insurers to move beyond traditional 

one-size-fits-all pricing models towards personalized premiums and the development of risk-

based products tailored to specific customer segments. 

• Personalized Premiums based on Individual Risk Profiles: 

Traditional life insurance premiums are often determined by broad demographic factors like 

age, gender, and smoking status. AI, however, unlocks the potential for a more granular 

approach: 

* **Dynamic Risk Assessment:**  AI models can continuously analyze an individual's health 

data (with their consent) gleaned from wearable devices or electronic health records.  This 

allows for dynamic risk assessments that reflect lifestyle changes and health improvements, 

potentially leading to premium adjustments that reward healthy behaviors. 

 

* **Behavioral Analysis:**  AI can analyze an applicant's online behavior or social media 

activity (with appropriate privacy safeguards) to glean insights into potential health risks.  For 

instance, an analysis of an applicant's social media posts might reveal a propensity for risky 

activities, influencing the premium calculation. 

• Risk-Based Product Development for Targeted Customer Segments: 

By leveraging AI for customer segmentation and risk profiling, life insurers can develop 

innovative products tailored to specific customer needs: 

* **Targeted Product Offerings:**  AI can identify customer segments with unique risk profiles 

and develop specialized products catering to their specific needs.  For example, an AI model 

might identify a segment of young, health-conscious individuals and design a life insurance 

product with lower premiums but wellness incentives. 

 

* **Microinsurance Products:**  AI can facilitate the development of microinsurance products 

for previously underserved populations.  By analyzing alternative data sources like mobile 

phone usage or repayment history, AI can assess risk for individuals who may lack traditional 
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credit scores or medical records, enabling the creation of affordable insurance products for 

these segments. 

• Ethical Considerations for Personalized Premiums: 

The concept of personalized premiums based on individual risk profiles raises ethical 

considerations that demand careful attention. Transparency in data collection and usage, 

ensuring fairness in pricing algorithms, and guarding against potential discrimination based 

on sensitive information are crucial aspects to address. 

By fostering a human-centered approach to AI, where AI serves as a decision-support tool 

and actuaries retain ultimate control over pricing decisions, life insurers can harness the 

power of AI for personalized premiums while maintaining ethical and responsible practices. 

 

9. Ethical Considerations and Regulatory Landscape 

Despite the immense potential of AI in life insurance, its adoption is not without significant 

ethical considerations and a complex regulatory landscape. Here, we delve into the key 

challenges that must be addressed for responsible and trustworthy AI implementation. 

• Ethical Concerns: 

The integration of AI into life insurance raises several ethical concerns that demand careful 

attention: 

* **Data Privacy:**  The use of personal data for AI model training and risk assessment 

necessitates robust data privacy safeguards.  Life insurers must ensure compliance with data 

privacy regulations like GDPR (General Data Protection Regulation) and CCPA (California 

Consumer Privacy Act), obtaining explicit consent from policyholders for data collection and 

usage.  Furthermore, anonymization techniques and secure data storage practices are crucial 

to protect sensitive personal information. 

 

* **Explainability and Transparency:**  The "black-box" nature of some AI models can make 

it challenging to understand how they arrive at specific risk assessments.  This lack of 
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explainability can erode trust in the AI system and raise concerns about fairness.  Techniques 

like Explainable AI (XAI) can help shed light on the model's decision-making process, 

fostering transparency and trust. Explainability is not just about understanding how a model 

arrives at a decision, but also about being able to communicate that rationale to relevant 

stakeholders, including regulators and policyholders. This can involve developing methods 

to visualize the model's inner workings or providing counterfactual explanations that 

illustrate how different inputs might have yielded different outputs. 

 

* **Algorithmic Bias:**  AI models are susceptible to perpetuating biases inherent within the 

data they are trained on.  Biased data can lead to discriminatory outcomes, unfairly penalizing 

certain demographic groups.  For instance, a model trained on historical data that correlated 

certain zip codes with higher mortality rates could disadvantage applicants from those areas, 

even if their individual health profiles are favorable. Mitigating bias requires careful data 

curation, employing fairness metrics during model training, and ongoing monitoring to detect 

and address potential biases within the model's predictions. Techniques like fairness-aware 

model training algorithms and data debiasing methods can help mitigate bias at its source. 

• Regulatory Landscape: 

The regulatory landscape surrounding AI in insurance is still evolving. While there are 

currently no specific regulations governing AI use in life insurance, existing regulations and 

emerging frameworks provide a foundation for responsible AI adoption: 

* **Fair Lending Standards:**  Existing fair lending standards, such as those outlined by the 

Equal Credit Opportunity Act (ECOA) in the US,  prohibit discrimination based on protected 

characteristics like race, gender, or religion.  These principles extend to AI-driven decision-

making processes in insurance, ensuring fairness in risk assessment and pricing. Regulators 

are likely to increasingly scrutinize AI models for potential bias, and insurers must be 

prepared to demonstrate that their models comply with fair lending standards. 

 

* **Explainability Requirements:**  Regulatory bodies like the European Union's Commission 

for Artificial Intelligence are advocating for explainability requirements for AI systems.  This 
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aligns with the need for transparency in AI models used for life insurance applications. 

Explainability requirements can help ensure that regulators and consumers understand how 

AI models are being used in insurance decisions, fostering trust and accountability within the 

industry. 

 

* **Potential for New Regulations:**  As AI adoption in insurance continues to grow, new 

regulations specifically addressing the use of AI for risk assessment, pricing, and claims 

processing may emerge.  Life insurers must stay abreast of evolving regulations and 

proactively implement responsible AI practices to ensure compliance. Collaboration between 

regulators, insurers, and data scientists will be crucial in developing a regulatory framework 

that fosters innovation while mitigating the risks associated with AI use in insurance. 

• Challenges for AI Adoption: 

Several challenges hinder the widespread adoption of AI in life insurance: 

* **Data Quality and Availability:**  Building robust AI models necessitates access to high-

quality, diverse data.  Data privacy regulations and limitations on data collection can pose 

challenges in acquiring the necessary data for model training.  Furthermore, integrating data 

from disparate sources within an insurance company and ensuring its quality can be a 

complex task. 

 

* **Model Explainability and Fairness:**  As discussed earlier, ensuring explainability and 

fairness in AI models requires ongoing effort and investment in XAI techniques and bias 

mitigation strategies.  The development and implementation of these techniques require 

specialized expertise, and insurers may need to collaborate with data science consultancies or 

invest in training their internal teams. 

 

* **Regulatory Uncertainty:**  The evolving regulatory landscape surrounding AI can create 

uncertainty for life insurers hesitant to invest in AI solutions without clear regulatory 
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guidance.  Staying informed about regulatory developments and proactively implementing 

best practices can help mitigate this challenge. 

 

* **Cultural Resistance:**  The integration of AI into insurance processes may encounter 

resistance from some stakeholders, including underwriters who fear job displacement or  

policyholders who are apprehensive about AI making decisions that impact their financial 

security.  Addressing these concerns through effective communication, transparency, and 

retraining programs can help ease resistance and foster a culture of trust 

 

10. Conclusion 

The integration of Artificial Intelligence (AI) presents a transformative opportunity for the life 

insurance industry. AI-powered mortality risk prediction models hold immense potential for 

enhancing accuracy, streamlining underwriting processes, and enabling the development of 

personalized insurance products. However, responsible and ethical implementation of AI 

solutions is paramount to ensure fairness, transparency, and trust within the industry. 

This paper has comprehensively explored the development and validation methodologies for 

constructing robust AI models for mortality risk prediction in life insurance. We delved into 

feature engineering techniques for data preparation, hyperparameter tuning for model 

optimization, and the importance of robust validation metrics like AUC and Brier Score. 

Furthermore, we emphasized the crucial role of model calibration and fairness assessment in 

mitigating bias and ensuring the trustworthiness of the model's predictions. 

Beyond mortality risk prediction, AI offers a multitude of benefits for life insurers. By 

automating tasks within the underwriting process, AI can significantly improve efficiency and 

expedite decision-making. This translates to faster policy issuance for low-risk applicants and 

a more streamlined customer experience. Furthermore, AI empowers insurers to move 

beyond traditional one-size-fits-all pricing models by enabling personalized premiums based 

on individual risk profiles. This data-driven approach fosters a more nuanced assessment of 

risk and allows insurers to offer competitive rates to low-risk individuals while maintaining 

adequate pricing for higher-risk segments. The development of risk-based products tailored 
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to specific customer needs further personalizes the insurance experience and caters to 

previously underserved markets. 

However, ethical considerations surrounding data privacy, explainability, and algorithmic 

bias necessitate careful attention. Life insurers must adhere to stringent data privacy 

regulations and implement robust data security measures to safeguard sensitive personal 

information. Employing Explainable AI (XAI) techniques and fostering transparency in the 

model's decision-making process are crucial for building trust with regulators and 

policyholders. Furthermore, mitigating bias within AI models requires meticulous data 

curation, fairness-aware model training algorithms, and ongoing monitoring to identify and 

address potential biases that could lead to discriminatory outcomes. 

The regulatory landscape surrounding AI in life insurance is constantly evolving. While 

existing regulations like fair lending standards and data privacy laws provide a foundation, 

new regulations specifically addressing AI use in insurance are on the horizon. Life insurers 

must stay informed of these developments and proactively implement responsible AI 

practices to ensure compliance and maintain a competitive edge in the marketplace. 

Collaboration between regulators, insurers, and data scientists will be instrumental in shaping 

a regulatory framework that fosters innovation while mitigating the risks associated with AI 

adoption. 

AI holds immense potential for revolutionizing the life insurance industry. By addressing the 

ethical considerations, navigating the evolving regulatory landscape, and harnessing the 

power of AI responsibly, life insurers can unlock a new era of efficiency, personalization, and 

trust within the industry. The future of life insurance lies in embracing AI not as a replacement 

for human expertise but as a powerful tool to augment decision-making, enhance customer 

experiences, and promote a more data-driven and risk-based approach to underwriting and 

product development. 
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