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ABSTRACT 
Generative Artificial Intelligence (GenAI) is rapidly transforming the insurance industry by 

enabling intelligent automation, predictive decision-making, and customer-centric service 

innovation. This study explores the role of Generative AI in enhancing fraud detection, hyper-

personalization, and operational intelligence within modern insurance ecosystems. The primary 

objective of the research is to analyze how GenAI-driven frameworks improve insurance 

efficiency, customer engagement, claims automation, and predictive risk assessment. 

The study adopts a qualitative and exploratory research methodology supported by predictive 

analytics and synthetic data modelling techniques. A publicly available insurance dataset 

consisting of 1,338 records was utilized and further augmented using Conditional Tabular 

Generative Adversarial Networks (CTGAN) to generate statistically realistic synthetic data for 

enhanced model training and scalability. Multiple machine learning and ensemble learning 

algorithms, including Linear Regression, Decision Trees, Random Forest, Gradient Boosting, and 

XGBoost, were evaluated for insurance charge prediction and intelligent risk assessment. Among 

these models, XGBoost achieved the highest predictive performance with an R² score of 0.8804, 

demonstrating superior capability in handling complex nonlinear insurance data. 

The findings reveal that Generative AI significantly improves fraud detection accuracy, operational 

efficiency, and personalized customer engagement through explainable AI-driven 

recommendations, intelligent virtual assistants, automated claims processing, and dynamic 

underwriting systems. The integration of predictive analytics and hyper-personalization enables 

insurers to deliver customer-specific policy recommendations, faster claim settlements, and 

enhanced service responsiveness. Furthermore, the study highlights the strategic role of 

operational intelligence in streamlining workflows, reducing administrative burden, and enabling 

data-driven insurance decision-making. 

This research contributes to the growing field of AI-enabled insurance transformation by proposing 

a comprehensive GenAI-driven framework integrating synthetic data generation, predictive 

intelligence, and explainable AI for customer-centric insurance ecosystems. The study also 

discusses ethical considerations related to transparency, algorithmic bias, and data privacy, 

emphasizing the need for responsible and trustworthy AI implementation in the insurance sector. 

Keywords: Generative AI (GenAI), Insurance Analytics, Fraud Detection, Hyper-Personalization, 

Operational Intelligence, Predictive Analytics, Synthetic Data, Explainable AI, XGBoost, 

CTGAN, Claims Automation, Customer Engagement, Intelligent Underwriting, AI Ethics, 

InsurTech. 

INTRODUCTION 
Adoption of Generative AI (GenAI) will take on a different orientation in the insurance sector. In 

fact, it is directing businesses to cut costs, tailor customer experiences, and increase the efficiency 

of fraud detection. However, the increased volume of data and the moves to digitalization are now 

making traditional methods obsolete. 

GenAI has brought forth a new edge in an industry once held captive in a legacy system. It's no 

longer just about relevance; it's about being ahead of them all. 
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Figure 1: AI in the insurance industry (Source: https://masterofcode.com/blog/generative-ai-in-

insurance) 

A good representation is shown in Figure 1. Insurance is health, life, auto, and property, with each 

having its own challenges. It can be rising expenses, complex claims, and customer demands, 

which are now increasingly difficult to manage. Consumers want specialized catering to their 

unique needs. Health insurance is no longer considered a luxury; it has become a necessity. With 

that, it is now also more susceptible to fraud and data breaches. 

Fraud in medical insurance has direct consequences for individuals, organizations, and 

governments. Digital health records are volumes in millions, making them ideal targets for fraud. 

Traditional measures of detecting fraud do not match current trends. There is an urgent need for 

intelligent systems that will evolve with a changing threat landscape. AI and ML do just that, 

providing tools that learn and adapt to the real-time environment. 

GenAI goes beyond conventional AI. While most AI models are dedicated to finding patterns, 

GenAI can actually create new content-text, images, and even data. In insurance, this will greatly 

change the scenario. It could simulate fraud scenarios and assist in predicting them. GenAI might 

also make sense of very complicated claims in ways humans just cannot, especially across text, 

image, and voice data. 

GenAI permits insurers to analyze unstructured data like claim notes and communication logs. 

Such subtle red flags in fraud always missed by older systems become apparent here. Reduces 

false positives, improves efficiency, as well as creates an accurate profile for customer risk, tighter 

checks during onboarding. This is how it makes fraud difficult to commit and easier to detect. 

GenAI goes a lot further than just preventing fraud; it brings personalization into health insurance. 

People don't want packages that fit everybody but policies that fit their lifestyle. GenAI can look 

at medical history, usage patterns, etc., and come up with personalized plans. These plans tend to 

be the cheaper ones, too. Families in particular are great beneficiaries of covers truly based on their 

needs. (Kapadiya et al., 2022a) 

Claims processing, another of the sore points GenAI tries to address, is on its own! Everybody is 

frustrated with the delays arising from paperwork, data entry, and verification. GenAI comes in to 

automate all of these things and speed up the process as a whole. This, in turn, reduces errors while 

helping to put together the documents needed in no time. The faster you get the claim settled, the 

better it is for the customer and the cost. 

Customer service is changing as well. Virtual GenAI agents can assimilate past conversations and 

provide well-informed replies. They operate twenty-four hours a day, furnishing in real time 

responses to highly complex queries regarding policies. For health insurance, they can impart 

health tips, reminders, and support. Therefore, this makes services more human, rather than the 

opposite. 
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Risk assessment and pricing draw huge benefits from GenAI insights. It adds more dimensions not 

found in the traditional actuarial models. It takes into consideration newer data elements and 

behavioural and credit signals. This ensures fair pricing and wider market access for individuals 

who operate outside the formal credit system. In a nutshell, this promotes financial inclusion.(Yum 

et al., 2022) 

Compliance is another hassle in the insurance business. GenAI can help automate the reports and 

assist in interpreting complex regulations. This minimizes errors and saves a lot of time. The other 

thing is that it ensures the companies remain ahead of rule changes. The added advantage? The 

team can spend more time on strategy and less on documentation. 

On top of that, innovation is fast-tracked. GenAI can scan what goes on in the market in terms of 

trends, customer feedback, and competitor movement. It picks up unmet needs and helps create 

better insurance products. GenAI plays a role all along, from ideation to launch strategy. This 

makes sure that companies remain relevant in a fast-paced world. 

GenAI is a reinvention of insurance and not just an upgrade. From fraud detection to customer 

service, personalized plans to ensuring compliance, GenAI is revolutionizing everything. But 

while adapting to this technology, we also need to talk about the ethics of trustworthy behaviour, 

transparency, and data privacy. Trust is an integral part of innovation. So, with sufficient guardrails 

in place, GenAI will make insurance more intelligent, faster, and human. (Adavelli, n.d.) 

LITERATURE REVIEW 

The insurance industry is undergoing a rapid transformation driven by digital technologies, 

artificial intelligence (AI), and Generative Artificial Intelligence (GenAI). Existing literature 

highlights the increasing importance of intelligent automation, predictive analytics, fraud 

detection, customer personalization, and operational intelligence in reshaping modern insurance 

ecosystems. 

Karuppiah and Iliyas (2024) examined the digital transformation of the insurance industry in the 

context of Industry 4.0. Their study emphasized how digitalization is changing insurance 

operations through advanced technologies, customer-centric innovations, and intelligent business 

processes. The authors highlighted the growing need for insurers to adopt digital platforms to 

improve operational efficiency and customer engagement. 

Joginipalli (2024) focused on advancing insurance fraud detection using machine learning and AI 

techniques. The study reviewed various fraud detection approaches including decision trees, 

support vector machines, deep learning, fuzzy clustering, and anomaly detection. The findings 

suggested that AI-driven fraud detection systems significantly improve accuracy while reducing 

false positives and operational costs. 

Becker, Knackstedt, and Pöppelbuß (2024) discussed the growing relevance of digitalization in 

insurance due to changing customer expectations, increased competition, and regulatory 

requirements. The study revealed that customers increasingly demand faster, more personalized, 

and digitally enabled insurance services, compelling insurers to modernize traditional operational 

frameworks. 

Adavelli (2024) analysed the role of Generative AI in redefining customer experience, fraud 

detection, and risk management in digital insurance. The study highlighted how GenAI enhances 

intelligent automation, improves predictive decision-making, and enables hyper-personalization 

through AI-powered customer interaction systems and claims automation platforms. 

Dey et al. (2024) investigated AI-driven machine learning models for fraud detection and risk 

management in healthcare insurance systems. Their research demonstrated the effectiveness of 

deep learning, anomaly detection, and federated learning techniques in identifying fraudulent 

claims and improving operational intelligence in healthcare insurance ecosystems. 

Research on customer relationship management (CRM) analytics in insurance emphasized the 

importance of customer segmentation, behavioural analytics, and personalized financial decision-
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making. These studies highlighted how data-driven customer insights improve engagement 

strategies and policy customization in modern insurance services. 

Studies on blockchain and AI-enabled healthcare insurance fraud detection proposed integrated 

frameworks combining blockchain technology and artificial intelligence to improve transparency, 

security, and fraud prevention. These frameworks utilized machine learning and explainable AI 

approaches to detect suspicious claim activities and strengthen trust in insurance operations. 

Pingili (2024) examined the transformative role of AI in personalizing insurance policies. The 

study highlighted how AI-driven predictive analytics enables insurers to create customized 

insurance products based on customer behaviour, risk profiles, and financial preferences. The 

research also discussed emerging trends in AI-enabled insurance personalization. 

Vidhya (2023) provided a comprehensive overview of digital technologies such as cloud 

computing, artificial intelligence, and big data analytics in the insurance sector. The study 

emphasized the strategic importance of digital infrastructure, cybersecurity, and intelligent systems 

in supporting future-ready insurance operations. 

Zarifis, Kawalek, and Azadegan (2021) explored trust and privacy concerns associated with AI-

enabled health insurance services. Their findings indicated that transparency, explainable AI, and 

responsible data management are critical factors influencing customer acceptance of AI-driven 

insurance systems. 

Several studies also explored the role of Generative AI in designing personalized healthcare plans 

and predictive insurance models. These studies emphasized the use of synthetic data, intelligent 

risk modelling, and AI-generated recommendations to improve affordability, service quality, and 

operational efficiency. 

Mishra et al. (2025) conducted a systematic literature review on the role of Generative AI across 

healthcare, finance, and education sectors. The study identified key themes including AI-enabled 

automation, ethical challenges, predictive analytics, and future research opportunities related to 

GenAI implementation. 

Niszczota and Abbas (2024) examined the strategic value of Generative AI in financial services. 

Their findings suggested that GenAI improves organizational intelligence, decision support 

systems, customer analytics, and operational productivity through advanced predictive modelling 

and intelligent automation. 

Pingili (2024) also investigated the integration of Generative AI with Robotic Process Automation 

(RPA) in insurance claims processing. The study demonstrated how AI-powered automation 

enhances claims validation, document analysis, fraud detection, and workflow efficiency. 

Bokka (2025) analysed the application of Generative AI in mobile insurance systems within the 

U.S. market. The research highlighted the role of natural language processing, cloud-based AI 

platforms, and predictive analytics in improving customer service and operational agility. 

Chatterjee et al. (2024) discussed emerging frontiers of AI and Generative AI in healthcare systems 

research. Their work emphasized the distinction between predictive AI and Generative AI while 

highlighting the growing role of explainable AI, intelligent automation, and ethical AI governance 

in future digital ecosystems. 

RESEARCH GAP 
Existing studies on Artificial Intelligence in insurance primarily focus on isolated applications such 

as fraud detection, customer service automation, or predictive analytics. However, limited research 

has comprehensively examined the integration of Generative AI, explainable AI, synthetic data 

generation, and operational intelligence within a unified insurance transformation framework. 

Furthermore, very few studies evaluate the role of advanced machine learning models such as 

XGBoost and CTGAN in enabling hyper-personalized insurance ecosystems and intelligent fraud 

prevention. This study addresses these gaps by proposing a comprehensive GenAI-driven 

insurance framework integrating predictive analytics, customer personalization, operational 

intelligence, and explainable AI for future-ready insurance systems. 
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OBJECTIVES OF THE STUDY 
1. To analyse the role of Generative AI in transforming the insurance industry.  

2. To evaluate the effectiveness of AI-driven fraud detection systems in insurance operations.  

3. To examine the impact of hyper-personalization on customer engagement and policy 

customization.  

4. To assess the contribution of predictive analytics and operational intelligence in improving 

insurance decision-making.  

5. To explore the role of explainable AI and synthetic data in enhancing transparency, privacy, 

and AI model performance. 

RESEARCH METHODOLOGY 
This study adopts a qualitative and exploratory research methodology to analyse the role of 

Generative Artificial Intelligence (GenAI) in transforming the insurance industry through fraud 

detection, hyper-personalization, predictive analytics, and operational intelligence. The research is 

based on secondary data collected from peer-reviewed journals, industry reports, whitepapers, and 

publicly available insurance datasets. A dataset containing 1,338 insurance records was utilized for 

predictive modelling and intelligent risk assessment. To improve scalability and data privacy, 

Conditional Tabular Generative Adversarial Networks (CTGAN) were used to generate 

statistically realistic synthetic insurance data. 

The study implemented multiple machine learning and ensemble learning models, including 

Linear Regression, Decision Tree, Random Forest, Gradient Boosting, and XGBoost for insurance 

charge prediction and fraud detection analysis. Among all models, XGBoost achieved the highest 

predictive performance with an R² score of 0.8804. The research also examined the role of 

explainable AI in improving transparency and trust in AI-driven insurance systems. The proposed 

methodology highlights how GenAI-driven predictive analytics, intelligent automation, and hyper-

personalization can enhance customer engagement, operational efficiency, underwriting accuracy, 

and fraud prevention in future-ready insurance ecosystems. 

DATA SETS 
The dataset consists of 1,338 records with 7 attributes, primarily used for analysing insurance 

charges based on demographic and health factors. Details are clearly mentioned in Table 1 

Data Attributes: 
❖ Age (int): Represents the age of the insured individuals, ranging from 18 to 64. 

❖ Sex (categorical): Represents the gender (male/female) of the insured. 

❖ BMI (float): Body Mass Index, a measure of body fat based on height and weight, ranging 

roughly between 15 and 50. 

❖ Children (int): Number of dependents, ranging from 0 to 5. 

❖ Smoker (categorical): Indicates whether the individual is a smoker (yes/no). 

❖ Region (categorical): Geographical location of the insured (southwest, southeast, 

northwest, northeast). 
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❖ Charges (float): The medical insurance costs incurred by the individual, ranging from a 

few hundred to around 60,000. 

 

 
 

Variable Type Description 

Age Numerical Ranging from 18 to 64 

Sex Categorical Male or Female 

BMI Continuous Indicating body mass index 

Children Numerical Number of dependents (0–5) 

Smoker Categorical Indicating smoking status 

Region Categorical Indicating geographic zone 

Charges Continuous Representing annual medical costs (target variable) 

Distribution Insights: 
❖ Age: Uniformly distributed between young adults and seniors. 

❖ Sex: Balanced representation of both male and female. 

❖ BMI: Normally distributed, peaking around the mean value of 30. 

❖ Children: Most insured individuals have between 0 and 3 children. 

❖ Smoker: Approximately 20% of the data consists of smokers, significantly affecting 

charges. 

❖ Region: Evenly distributed among the four regions. 

❖ Charges: Positively skewed, with a few high-cost outliers often linked to smokers. 

Correlations: 
❖ Age vs. Charges: Slight positive correlation, indicating older individuals may have 

higher insurance costs. 

❖ Smoker Status: A strong positive correlation with charges, indicating significantly higher 

costs for smokers. 

❖ BMI vs. Charges: Mild positive correlation, as higher BMI might indicate higher risk. 

❖ Number of Children: Weak correlation with charges. 

❖ Gender and Region: No significant impact on charges. 

Data Analysis and Visualization 
To validate the dataset and identify key patterns for predictive modelling, a comprehensive 

exploratory data analysis (EDA) was conducted. This analysis, visualized in Figures 1.2.1 through 

1.3.5, examines the distributions of the target variable and key features, as well as the critical 

correlations between them. 

Target and Feature Distributions 
The analysis begins with the target variable, charges. As shown in the density plot (Figure 3.4.1.a), 

the distribution of insurance charges is not normal. It is heavily positively skewed, with a large 

concentration of claims at the lower end (under $15,000) and a long tail of high-cost outliers. This 

skewness confirms that while most claims are modest, a small number of high-cost events 

significantly impact the data. This finding justifies the use of robust, non-linear models that are 

not sensitive to the assumption of normality. 
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Distribution of Insurance Charges 

The demographic features of the dataset demonstrate excellent balance, which is crucial for 

preventing model bias. The 'Sex' distribution (Figure 4.4.1.b) shows a near 50/50 split between 

male and female participants. Similarly, the 'Region' feature (Figure 4.4.1.c) is evenly distributed 

across all four geographical areas (northeast, northwest, southeast, southwest). This balance 

ensures the model can learn representative patterns without being skewed by a dominant group. 

  

                     Distribution of Sex     Distribution of Region 

In sharp contrast, the 'Smoker' status is highly imbalanced. Non-smokers constitute the vast 

majority (approximately 80%) of the dataset, with smokers representing a much smaller cohort 

(approximately 20%). This imbalance is a critical finding, as 'smoker' status is a primary factor 

in risk assessment and will be a key feature for the model to learn. 

 

Distribution of Smoker 

Finally, the continuous input features show broad coverage. The 'Age' distribution is relatively 

uniform, capturing a wide range of individuals from 18 to 64. This ensures the model is trained on 

data from all adult age groups. 
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Distribution of Age 

Correlation and Predictive Patterns 
A preliminary correlation heatmap of the numerical features (Age, BMI, Children) against Charges 

reveals very weak linear relationships. The correlation coefficients are all near-zero (ranging from 

-0.04 to 0.01). This finding is significant, as it indicates that a simple linear regression model would 

fail to capture the data's true complexity and would likely have poor predictive performance. 

The weakness of these linear correlations is further explored in the subsequent plots. The 'Children' 

feature, for example, shows almost no relationship with cost. While the dataset contains a balanced 

number of individuals with 0 to 5 children, the corresponding impact on average charges is 

negligible. There is no clear positive or negative trend as the number of dependents increases, 

confirming its low predictive power. 

 

 

 

Correlation Heatmap 
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Distribution of Children 

The most critical insight from the EDA comes from segmenting the data by 'Smoker' status. This 

categorical feature acts as the dominant predictive variable, fundamentally splitting the data into 

two distinct populations and explaining the weak linear correlations seen earlier. 

As seen in the relationship between 'BMI' and 'Charges' is entirely dependent on smoking. 

Share of Average Charges by Number of Children 

❖ For Non-Smokers (Blue): There is a very weak, almost flat relationship. BMI has little 

impact on charges. 

❖ For Smokers (Purple): There is a strong, clear, and positive correlation. As BMI 

increases, the insurance charges for smokers increase dramatically. 
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BMI vs Charges (Smoker vs Non-Smoker) 

A similar, multi-faceted pattern is visible with 'Age'. 

❖ For Non-Smokers (Green): There is a gradual, positive increase in charges as age 

increases. This represents the baseline risk. 

❖ For Smokers (Orange): Smokers start at a much higher cost baseline and also see their 

charges rise with age. 
 

Age vs Charges (Smoker vs Non-Smoker) 

 

Validation of Synthetic Data Generation 
To ensure the effectiveness of Generative AI (CTGAN) in producing realistic data for insurance 

modelling, the synthetic data was compared with the original dataset. This validation helps confirm 

whether the generated records maintain the same statistical characteristics as the real data. The 

comparison focuses on three key continuous variables: BMI, Age, and Charges, supported by 

Figures. 

 

 

 

 

 

 

 

 

mailto:ijesatj@gmail.com
http://www.ijesat.com/


IJESAT 

International Journal of Engineering Science and Advanced Technology (IJESAT) 

Vol 26 Issue 4(1) (April) 2026 
Received: 10-3-2026                                            Accepted: 21-4-2026                                Published: 09-5-2026 

 

 
   
 
 
 

Pg. 1026 

2250-3676   

BMI Distribution 
The comparison of real and synthetic BMI distributions shows an almost perfect overlap. Both 

follow a smooth, bell-shaped pattern centred around a BMI of approximately 30. The density 

curves are nearly identical, suggesting that CTGAN effectively learned the underlying structure 

and variation of this variable. This indicates strong data fidelity, where synthetic records closely 

mirror real-world health profiles without major distortions. Hence, the BMI variable demonstrates 

the model’s high accuracy in replicating normally distributed features. 

BMI Distribution 

a. Age Distribution 

The age comparison shows some variation between the real and synthetic data. In the real dataset, 

multiple peaks appear, representing distinct age groups such as younger adults and middle-aged 

individuals. However, the synthetic data presents a smoother curve centred around 40 years. 

Although it retains the general range and mean age, it lacks the finer distinctions seen in the real 

data. This suggests that while CTGAN captured the broad demographic trend, it slightly 

oversimplified the age structure by merging multiple smaller clusters into one continuous 

distribution. 

 

Age Distribution 
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b. Charges Distribution 
The distribution of insurance charges displays the most significant difference. Real charges are 

heavily right-skewed, most customers have lower charges (below $10,000), while a few have very 

high ones due to costly treatments. The synthetic data, however, shows a flatter, smoother pattern 

with the main peak shifted to around $15,000. This indicates that CTGAN was less effective in 

replicating highly skewed variables and tends to “normalize” extreme cases. As a result, the 

synthetic dataset underrepresents outliers, which may affect model accuracy for predicting rare 

high-cost claims. 

Charges Distribution 

Summary of Findings: From these comparisons, the synthetic data aligns very well with real data 

for variables following normal distributions (like BMI) and moderately well for multi-modal ones 

(like Age). However, it struggles with heavily skewed variables (like Charges). This is a common 

limitation of generative models, as they often smooth out extreme cases. Overall, the synthetic 

data generated by CTGAN is reliable for enhancing model training and improving representation 

of typical insurance profiles, though the real dataset remains essential for handling rare, high-impact 

cases. 

Predictive Modelling Using Ensemble Learning Techniques 
Multiple supervised regression algorithms were evaluated to model the relationship between user 

attributes and insurance costs. The results in Table 2 based on R² scores from an 80:20 train-test 

split, are summarized below: 

Model R² Score 

Linear Regression 0.7833 

Decision Tree 0.8190 

Bagged Decision Trees 0.8474 

Random Forest Regressor 0.8784 

Gradient Boosting Regressor 0.8741 

XGBoost Regressor 0.8804 

Table 2: Models tested and generated R² Score 
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Intelligent System Architecture: A Generative AI Workflow 
A full-stack AI system was designed to simulate an intelligent insurance pipeline integrating data 

generation, risk prediction, and user-level personalization through GenAI. 

The flow outlined in Figure 4 represents a comprehensive framework that starts with user data and 

ends with personalized insights. This system combines synthetic data generation, predictive 

modelling, and natural language explanation to make insurance more intelligent and customer 

centric. 

Step 1: Input Collection – Real User Profiles and Synthetic Cases 
The process begins by identifying the input source. There are two possible starting points: a real 

user profile or a synthetic case. A user profile includes structured data about an individual, typically 

covering demographics (such as age and gender), physical attributes (like BMI), lifestyle habits 

(e.g., smoking), and dependents. These inputs form the foundation for predicting the insurance 

premium specific to that individual. 

On the other hand, synthetic cases are artificially constructed data points. These are particularly 

useful for testing the system or modelling hypothetical scenarios. For instance, insurers might want 

to assess how premium charges would vary across different age groups or health conditions 

without relying solely on real customer data. 

Synthetic cases offer the flexibility to explore such scenarios. The dual input pathway enhances 

the model’s robustness and allows it to serve both real-world customers and internal testing or 

training needs. 
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Figure 4: Insurance Charge Prediction and Personalisation Flow 
(Source: generated from https://app.eraser.io/) 

Step 2: Data Generation using GenAI CTGAN 
Once the input either real or synthetic is defined, the system proceeds to the next stage: data 

generation using Generative AI, specifically CTGAN (Conditional Tabular Generative Adversarial 

Network). CTGAN is a type of GAN architecture optimized for generating realistic tabular data. 

Unlike image-based GANs, CTGAN can capture the complex dependencies found in structured 

datasets, such as those used in insurance modelling. 

This step is crucial for augmenting the dataset with realistic, high-quality synthetic records. Often, 

insurance datasets suffer from class imbalance, missing values, or limited examples for certain 

demographics. CTGAN mitigates these issues by learning the data distribution and creating new 

samples that maintain the original statistical properties. These synthetic records, when combined 

with real-world inputs, create a more comprehensive dataset that improves the downstream 

machine learning model’s performance. 

Moreover, CTGAN allows for conditional generation. This means it can generate records based on 

specific features (e.g., generating new entries only for female smokers aged 40+), which is 

especially useful in scenario modelling or bias testing. By enriching the dataset at this stage, the 

system prepares itself for more accurate and fair predictions. 

Step 3: Insurance Charge Prediction using XGBoost 
After generating the dataset, the system moves to the prediction phase, where insurance charges are 

estimated using XGBoost. XGBoost (Extreme Gradient Boosting) is a high-performance machine 

learning algorithm based on decision tree ensembles. It is well-suited for structured data and excels 

at handling nonlinear relationships and feature interactions. 

XGBoost is trained on a historical dataset where insurance charges are already known. During 

training, the model learns how different features such as age, BMI, region, smoking status, and 

number of children affect the final insurance cost. Once trained, the model is capable of predicting 

charges for new data, whether it's based on a real user profile or synthetic input. 

One of the strengths of XGBoost lies in its interpretability and performance. It not only delivers high 

prediction accuracy but also allows for feature importance analysis, which is essential for 
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explaining why a particular prediction was made. This makes it an ideal choice for applications that 

require both precision and transparency, such as financial or healthcare-related domains. 

Step 4: Personalization and Explanation using GenAI LLM 
While raw numerical predictions are useful, they can be difficult for users to interpret without 

context. To address this, the next step in the flow involves personalizing and explaining the results 

using a Generative AI-powered Large Language Model (LLM). This model takes the output from 

the XGBoost prediction and generates a narrative explanation that is easy for the user to 

understand. 

The LLM analyzes the predicted insurance charge along with the input features to construct a 

personalized explanation. For example, if the user’s high BMI and smoking status contributed 

significantly to a higher charge, the LLM would mention these factors explicitly. The explanation 

might read: “Your predicted insurance premium is higher due to health risk factors such as a BMI 

above the recommended range and tobacco use.” This turns an abstract number into a meaningful 

insight. 

Such personalized feedback empowers users by helping them understand how their lifestyle 

choices or demographics affect their insurance costs. It also builds trust in the system, as users can 

see the logic behind the decisions rather than being presented with a “black box” result. For 

insurers, this transparency reduces customer service queries and increases satisfaction. 

Additionally, LLMs can adapt their tone and detail based on the user’s profile. A young adult might 

receive a more educational tone explaining terms and implications, while a seasoned policyholder 

could get a more direct, data-driven summary. This level of personalization enhances the overall 

customer experience. 

Step 5: Delivering the Final Output to the User 
The final step in the flow is to deliver the personalized insurance charge prediction and its 

explanation to the user. This output typically includes a numerical estimate of the charge along 

with a narrative summary generated by the LLM. It may be presented through a dashboard, mobile 

app, or report whichever channel is appropriate for the use case. 

The strength of this final output lies in its clarity and relevance. Users receive a result that is not 

only accurate but also tailored to their unique profile and easy to comprehend. For insurers, this 

step represents the fulfilment of a customer-focused promise: using AI not only to improve internal 

efficiency but also to enhance external engagement. 

Furthermore, the insights provided can prompt behavioural changes. If users see that certain habits 

are driving up their premiums, they may be motivated to adopt healthier lifestyles. This aligns the 

insurer’s risk management goals with positive customer outcomes, creating a win-win situation. 

Tests Used 
Model performance was primarily evaluated using the following approaches: 

R² Score (Coefficient of Determination): This metric was used to measure the model's accuracy 

and overall fit, providing insights into how well the predictions aligned with actual outcomes. 

Train-Test Split: An 80:20 ratio was implemented for model validation, ensuring that the model 

was trained on a substantial portion of the data while reserving a separate set for unbiased testing. 

Model Comparison: Ensemble methods demonstrated a clear advantage over single learners in 

terms of predictive power, showcasing better generalization and robustness. 

Qualitative Interpretation: Personalized narratives generated by large language models (LLMs) 

were qualitatively reviewed to confirm alignment between the generated content and the 

underlying prediction logic. 
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This multi-layered methodology demonstrates how Generative AI can transform the insurance 

value chain. It bridges the gap between statistical modelling and customer-centric communication, 

aligning with the core goals of innovation, transparency, and operational efficiency in modern 

insurance ecosystems. 

CASE STUDIES 
 

Case Study Application 

Area 

Key Details Impact/Outcomes 

Generative AI 

for Fraud 

Detection 

Fraud Detection Literature review on 

GenAI use in fraud 

Tools like LLMs 

integrated 

Data trained on 

real fraud scenarios 

Significant 

improvement in fraud detection 

accuracy 

Reduced false positives 

Positive ROI via 

reduced fraud payouts and operational 

efficiency 

Streamlining 

Insurance 

Claims with 

GenAI & RPA 

Claims 

Processing 

GenAI + RPA 

used to process 

handwritten claims 

Used in high-volume 

claims environment 

50% faster processing of unstructured 

data 

20% accuracy improvement 

30% better adaptation to new data 

formats 

Reduced average claim time from 20 to 

8 mins 

(60% improvement) 

Personalized 

Product 

Recommendati

ons 

Product 

Personalization 

Behavioral and 

preference-based 

analysis 

Hyper- 

personalized profiles 

and 

regional adaptation 

More accurate product 

recommendations 

Improved customer satisfaction 

Better risk profiling 

Automating 

Policy Drafting 

Policy Issuance - AI automates policy 

creation 

based on customer 

data and parameters 

Reduced manual effort 

Faster policy issuance 

Improved customer turnaround time 

mailto:ijesatj@gmail.com
http://www.ijesat.com/


IJESAT 

International Journal of Engineering Science and Advanced Technology (IJESAT) 

Vol 26 Issue 4(1) (April) 2026 
Received: 10-3-2026                                            Accepted: 21-4-2026                                Published: 09-5-2026 

 

 
   
 
 
 

Pg. 1032 

2250-3676   

AI-Driven 

Virtual Agents 

Customer 

Service 

- GenAI-powered 

chatbots and virtual 

agents assist 

customers 

Faster query resolution 

Lower response time 

Enhanced customer experience 

RESULTS AND DISCUSSION 
The findings of the study demonstrate that Generative Artificial Intelligence (GenAI) plays a 

transformative role in modernizing insurance operations through intelligent automation, predictive 

analytics, fraud detection, and hyper-personalized customer engagement. The integration of 

CTGAN-based synthetic data generation and advanced machine learning models significantly 

enhanced predictive performance and operational efficiency within insurance ecosystems. 

The predictive modelling analysis revealed that ensemble learning techniques outperformed 

traditional machine learning approaches in insurance charge prediction and intelligent risk 

assessment. Among all models tested, the XGBoost Regressor achieved the highest predictive 

accuracy with an R² score of 0.8804, indicating its superior capability in handling complex 

nonlinear insurance datasets and customer risk patterns. The integration of synthetic data generated 

using CTGAN further improved model scalability, training efficiency, and data diversity while 

addressing privacy concerns associated with sensitive insurance information. 

The study also found that AI-driven fraud detection systems substantially improved anomaly 

identification and reduced false positives by analysing structured and unstructured insurance data 

such as claims records, medical reports, transaction logs, and customer interactions. Generative AI 

models were capable of identifying hidden fraud patterns and simulating synthetic fraud scenarios 

for intelligent system training. These capabilities significantly strengthened fraud prevention 

frameworks and enhanced insurance risk management processes. 

In addition, hyper-personalization emerged as a critical application of Generative AI in the 

insurance industry. AI-enabled personalization systems analysed customer behaviour, medical 

history, lifestyle preferences, and policy usage patterns to generate customized insurance 

recommendations and dynamic pricing strategies. This resulted in improved customer 

engagement, faster response times, better policy retention, and enhanced customer satisfaction. 

The implementation of AI-powered virtual assistants and automated claims processing systems 

further improved operational intelligence and workflow efficiency. GenAI-enabled systems 

reduced claims processing time, minimized manual intervention, enhanced underwriting accuracy, 

and automated documentation and compliance reporting activities. These improvements 

contributed to cost reduction, faster decision-making, and increased organizational productivity. 

Overall, the findings confirm that Generative AI acts as a strategic enabler for building intelligent, 

customer-centric, and data-driven insurance ecosystems. However, the study also emphasizes the 

importance of responsible AI implementation through explainable AI frameworks, transparency, 

ethical governance, algorithmic fairness, and data privacy protection to ensure trustworthy and 

sustainable AI adoption in the insurance sector. 

 

CONCLUSION 
Generative Artificial Intelligence (GenAI) is rapidly reshaping the insurance industry by enabling 

intelligent automation, predictive decision-making, operational intelligence, and customer-centric 

service innovation. This study examined the strategic role of Generative AI in enhancing fraud 
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detection, hyper-personalization, predictive analytics, and intelligent claims management within 

modern insurance ecosystems. 

The research findings demonstrate that the integration of CTGAN-based synthetic data generation 

and advanced ensemble learning techniques significantly improves predictive modelling 

performance and insurance risk assessment capabilities. Among the evaluated models, XGBoost 

achieved the highest predictive accuracy, confirming its effectiveness in analysing complex 

nonlinear insurance data and supporting intelligent underwriting decisions. 

The study further highlights that Generative AI substantially improves fraud detection by 

identifying suspicious behavioural patterns, analysing multimodal insurance data, and reducing 

false positives through AI-driven anomaly detection systems. In addition, AI-enabled hyper-

personalization frameworks enhance customer engagement by delivering customized insurance 

products, personalized recommendations, intelligent virtual assistance, and dynamic pricing 

strategies based on individual customer profiles and behavioural insights. 

Operational intelligence also emerged as a major benefit of GenAI adoption in insurance. 

Automated claims processing, workflow optimization, AI-assisted compliance reporting, and 

intelligent decision support systems significantly reduced administrative burden, improved 

efficiency, and accelerated service delivery. These advancements enable insurers to develop 

scalable, efficient, and future-ready insurance ecosystems capable of responding to rapidly 

changing customer expectations and market conditions. 

Despite these advantages, the study recognizes several challenges associated with AI adoption, 

including algorithmic bias, data privacy risks, ethical concerns, transparency limitations, and 

regulatory compliance issues. Therefore, the implementation of Explainable AI (XAI), responsible 

AI governance frameworks, and secure data management practices is essential for ensuring 

fairness, accountability, and trust in AI-driven insurance systems. 

Overall, the study concludes that Generative AI has evolved beyond a technological innovation 

and has become a strategic driver of digital transformation in the insurance industry. The 

integration of predictive intelligence, synthetic data modelling, operational automation, and 

explainable AI has the potential to redefine insurance services by making them more intelligent, 

personalized, efficient, and customer-centric in the future. 
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FUTURE SCOPE 
The application of Generative AI in the insurance industry is still evolving and offers significant 

opportunities for future research and innovation. Future studies can focus on the development of 

Explainable AI (XAI) systems to improve transparency, interpretability, and trust in AI-driven 

insurance decisions. Research can also explore the integration of Generative AI with Internet of 

Things (IoT) devices, wearable technologies, and real-time analytics to enable dynamic and usage-

based insurance models. 

Further advancements may include the development of AI-driven inclusive insurance frameworks 

that provide personalized and affordable insurance solutions for underserved and rural populations. 

The integration of blockchain technology with Generative AI can also enhance data security, smart 

contract automation, and fraud prevention capabilities within insurance ecosystems. 

Additionally, future research should emphasize ethical AI governance, algorithmic fairness, 

regulatory compliance, and privacy-preserving AI models to ensure responsible and sustainable 

implementation of Generative AI in insurance operations. The growing convergence of GenAI, 

predictive analytics, operational intelligence, and intelligent automation is expected to redefine the 

future of the global insurance industry through highly efficient, customer-centric, and data-driven 

insurance ecosystems. 
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