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Abstract

In the competitive landscape of the insurance industry, accurately identifying and targeting prospective clients is essential
for maintaining market position. This study investigates the role of artificial intelligence (AI) and data analytics in refining
customer profiling and lead generation within insurance distribution. Using advanced data processing techniques, machine
learning, and predictive analytics, the study reveals how Al-driven segmentation and predictive models can enhance
customer engagement, segmentation, and personalization. Customer segmentation was achieved through K-means
clustering based on Recency, Frequency, and Monetary (RFM) values, identifying five unique segments. For instance, the
high-value, high-engagement cluster displayed an average transaction frequency of 5, recency of 30 days, and a monetary
value of $1,000, while a premium, highly engaged segment showed an even higher monetary value of $1,500. These
segmentation insights allow insurers to tailor engagement efforts based on specific customer characteristics. For lead
scoring, the Random Forest model outperformed others, achieving an F1-score of 0.86 and a ROC-AUC of 0.89, providing
a reliable method for identifying high-quality leads and focusing resources on clients with strong conversion potential.
Additionally, behavioral prediction models using Random Forest accurately forecasted policy renewals (91.2% accuracy)
and new policy purchases (85.4% accuracy), with F1-scores of 0.90 and 0.85, respectively. These results allow insurers
to proactively address client needs, enhancing customer loyalty and satisfaction. Moreover, accurate predictions of claim
likelihood (83.3% accuracy) and high-risk profiles (87.5% accuracy) support effective risk management and targeted
interventions. This study concludes with recommendations for integrating Al-driven profiling and lead generation tools
within insurance operations, underscoring their impact on customer acquisition, strengthened client relationships, and
long-term revenue growth. The findings highlight AlI's potential in transforming customer engagement, ultimately
contributing to profit maximization and sustainable growth in the insurance sector.

Keywords: Customer Profiling, Lead Generation, Insurance Distribution, Predictive Analytics, Machine Learning in
Insurance, Data-Driven Marketing

1. Introduction:

In today’s rapidly evolving business landscape, the insurance sector is confronted with distinct challenges and
opportunities, driven by technological advancements and shifting consumer expectations. The ability to identify and
understand potential customers is now critical for companies seeking to retain competitiveness. Customer profiling and
lead generation have emerged as pivotal processes in this context, especially for insurers aiming to match their offerings
more precisely with customer needs [1, 2]. Traditionally, customer segmentation and profiling depended on basic
demographic and transactional data. However, the proliferation of big data, artificial intelligence (AI), and machine
learning (ML) has transformed these processes, enabling a deeper, data-driven understanding of consumer behaviors and
preferences [3, 4]. This shift is particularly pertinent to insurance, where customer interaction patterns, historical data, and
real-time information can collectively provide actionable insights for more effective and personalized marketing. Data
analytics and Al-powered methodologies present a unique advantage for insurers by improving the precision of customer
profiling and enhancing lead generation strategies [5]. Through advanced data mining techniques, companies are now able
to create predictive models that forecast client responses to specific products and offers. This approach involves integrating
diverse datasets, applying algorithms such as boosting trees and RFM (recency, frequency, and monetary) analysis, and
leveraging customer segmentation techniques to accurately evaluate client capital and predict their likely engagement with
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targeted offers [6]. The outcome is a comprehensive customer profile that not only supports better sales predictions but
also informs strategic decision-making for customer acquisition and retention efforts.

In this context, this research aims to build on these emerging trends by exploring the application of Al and data analytics
for customer profiling and lead generation specifically in insurance distribution. As insurance models shift increasingly
toward a business-to-consumer (B2C) approach, the introduction of Al-driven automation and data analysis techniques
offers potential solutions to many existing industry challenges, such as intense competition and consumer information
asymmetry [7, 8]. Al applications in insurance are already diverse, spanning fraud detection, risk assessment, customer
service enhancements through virtual assistants, and beyond. However, while these technologies enhance the insurer's
understanding and capabilities, they often widen the information gap with customers, affecting transparency and trust in
some areas. Addressing this asymmetry requires a delicate balance where both insurer and consumer benefits are
considered, emphasizing the need for inclusive Al applications that empower consumers as well as insurers. In the finance
industry, digital technology plays a vital role in streamlining operations, driving product innovation, and enhancing
customer management strategies [9]. Insurance, as a key component of this industry, has increasingly adopted digital tools
to handle large volumes of data, which can then be leveraged for advanced Al applications. As a result, insurers now have
unprecedented access to big data, which allows them to harness Al to stay competitive in a challenging market. According
to Boodhun (2017), the insurance sector has applied data analytics through three main approaches: fraud detection, risk
prediction, and customer analytics [10]. Of these, customer analytics is particularly relevant for understanding client
expectations and needs by examining behavioral patterns and preferences, a process that is essential in an industry where
Customer Relationship Management (CRM) is central [11].

In the quest to enhance CRM, insurers have recognized the potential of cutting-edge Al technologies. By applying Al,
they aim not only to identify customer needs but also to anticipate them, tailoring offerings and communication to improve
customer engagement and satisfaction. However, integrating Al into CRM is not straightforward, as insurers face several
hurdles in adopting Al-powered data solutions. A 2018 report from Deloitte highlights common challenges that companies
encounter, such as a knowledge gap between data science teams and business stakeholders, an ambiguous sense of data
project value, and unclear strategies for maintaining Al solutions over time [12]. Overcoming these issues requires not
only technological expertise but also a structured approach that aligns Al initiatives with the core objectives of the
business. To establish successful Al-driven solutions for customer profiling and segmentation, this study builds on the
need for a clear framework that addresses these challenges and bridges gaps between technical and business perspectives.
Insights from customer service managers and sales agents working on the front lines reveal that current customer
segmentation practices often rely on individual agents’ heuristic judgments rather than data-informed strategies [13]. This
reliance on intuition can result in inconsistencies, where even effective data mining projects fail to create replicable best
practices across the organization. For Al-based segmentation to succeed, it is essential to develop a standardized approach
that guides each step of the process, from defining the problem and transforming data to evaluating model performance.
As Wirth and Hipp (2000) note, a structured framework enhances the clarity and reliability of data projects, enabling
better outcomes that can be scaled across teams [14].

This study, therefore, focuses on leveraging data-driven customer profiling to enhance insurance distribution channels. It
investigates how predictive modeling, and segmentation can be optimized to better meet the expectations of modern
consumers while supporting business growth. Additionally, the study highlights the evolving role of data governance,
self-regulation, and potential third-party stakeholders in fostering transparency and trust in Al-driven insurance models.
By examining these dynamics, this research seeks to provide a structured framework that will enable insurance providers
to implement Al and data analytics more effectively, improving both the customer experience and operational efficiency
within the sector.

2. Related works:

In the insurance sector, advanced customer profiling and lead generation have gained significant attention, particularly
with the advent of artificial intelligence (AI) and data analytics. Various studies highlight how Al can enhance customer
segmentation and improve decision-making for personalized offerings. For instance, Eling et al. (2021) review Al's
transformative role in shifting insurance from traditional loss compensation models to loss prediction and prevention,
emphasizing AI’s ability to enhance risk prediction and reduce information asymmetry [15]. This transition underscores
the potential of Al in refining customer profiling methods, crucial for targeting high-potential leads and supporting data-
driven marketing strategies in the insurance distribution chain. Another approach to Al-driven segmentation is
demonstrated in research on direct marketing, which leverages machine learning algorithms for customer profiling. Kasem
et al. (2023) use a recency, frequency, and monetary (RFM) model, integrated with a boosting tree algorithm, to predict
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customer purchase behavior effectively. This model enhances segmentation precision by clustering clients based on
transactional behavior, enabling targeted marketing efforts that align with customer expectations [16].

AT’s role extends to customer engagement through sentiment analysis and recommendation systems, as discussed by
Parasrampuria et al. (2020), who implemented machine learning models like Random Forest and Naive Bayes to analyze
customer feedback. By using sentiment data, they developed predictive models to recommend insurance products tailored
to individual profiles, showcasing how integrating emotional analysis with behavioral data can inform more personalized
marketing strategies [17]. Further, Yum et al. (2022) explore Al-based customer segmentation in the insurance industry,
identifying challenges such as reliance on agents' subjective judgments over data-based approaches. They propose a
guideline based on the CRISP-DM model, facilitating a more standardized Al-driven segmentation process that can
improve customer relationship management across the insurance sector [18]. This structured approach highlights the
importance of aligning Al technologies with practical guidelines to address operational challenges, thus enhancing the
efficacy of customer profiling efforts. AI and data analytics are thus transforming customer segmentation and lead
generation by enabling personalized, data-driven insights. Studies suggest that integrating these technologies within
insurance distribution not only augments customer acquisition but also fosters long-term relationships and sustainable
growth for insurers [19, 20].

The concept of customer segmentation is foundational to effective customer relationship management (CRM) and has
been widely studied across industries, especially in finance and insurance. Early research by Namvar et al. (2010)
developed a framework incorporating Recency, Frequency, and Monetary (RFM) value and customer Lifetime Value
(LTV) to identify and segment customers based on their profitability and loyalty. Their model applied techniques like K-
means clustering and self-organizing maps to demographic and transactional data, offering banks and other financial
institutions a structured approach for segmenting customer profiles [21]. Expanding on these segmentation methods,
Khajvand and Tarokh (2011) introduced a model that leverages customers’ LTV in the banking sector. This model
combined RFM and time series methods to segment customers based on their future value. By estimating customer value
and projecting future behavior, their approach provided actionable insights for personalized marketing strategies,
reinforcing the need for segmentation models that forecast potential revenue contribution [22]. In insurance, the need for
sophisticated segmentation models is especially critical due to the complex nature of products and varying customer risk
profiles. For instance, Goonetilleke and Caldera (2013) applied demographic data like policy terms, premiums, and agent
interactions to segment customers within an insurance company. They utilized decision trees, neural networks, and logistic
regression to enhance customer retention strategies and avoid churn, highlighting the role of predictive models in reducing
customer attrition [23].

More recent research has focused on optimizing customer segmentation through artificial intelligence (AI) and machine
learning techniques. Qadadeh and Abdallah (2018) used K-means and self-organized maps (SOM) on The Insurance
Company (TIC) dataset, demonstrating that SOM outperformed traditional clustering techniques in both speed and quality
[24]. They emphasized that segmentation based on demographic and behavioral data can significantly enhance marketing
effectiveness, as tailored strategies resonate more with distinct customer segments [16]. To address limitations of single
algorithms, Zhuang et al. (2018) proposed a mixed-type data clustering approach for auto insurance. By combining K-
prototypes, improved K-prototypes, and similarity-based agglomerative clustering, they offered a comprehensive solution
that validated results across varied data types, underscoring the importance of algorithm diversity in enhancing
segmentation accuracy [25]. In a notable development, Kumar and Philip (2022) applied segmentation methods
specifically for B2B insurance clients, adapting the traditional RFM model to include organizations as customer units
rather than individuals. This B2B focus allowed for more nuanced insights into client loyalty and potential value, reflecting
the evolution of segmentation techniques to meet industry-specific needs [26].

In addition to segmentation, sentiment analysis has emerged as a valuable tool for understanding customer preferences.
Recent studies have incorporated sentiment analysis with machine learning models such as Random Forest, Naive Bayes,
and Logistic Regression to assess customer feedback and generate predictive insights. Parasrampuria et al. (2020)
demonstrated how analyzing customer sentiments through feedback data helps in recommending products, enhancing the
relevance of customer engagement strategies in insurance [17]. Collectively, these studies illustrate the evolving landscape
of customer profiling and segmentation in insurance, where Al and data analytics play crucial roles. By leveraging these
advanced methodologies, insurance providers can refine their customer engagement and lead generation efforts, aligning
marketing strategies more closely with individual customer needs and preferences. Such approaches underscore the
transformative potential of Al-driven segmentation in creating personalized customer experiences and enhancing business
outcomes [19, 20].

The following table (Table 1) provides an overview of foundational studies in customer segmentation and profiling within
the finance and insurance sectors. These works employ various methodologies, from traditional clustering techniques like
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K-means to advanced sentiment analysis and machine learning models. The table outlines each study’s focus,
methodologies, and key contributions, highlighting advancements that have set the groundwork for using Al and data

analytics to enhance customer engagement, segmentation, and lead generation in insurance.

Table 1: Foundational studies in customer segmentation and profiling within the finance and insurance sectors

(2010) [21]

(LTV) model for customer
segmentation in banking.

Organizing Maps

Reference Focus Area Methodology Results & Contributions
Developed a  structured ) .
. Provided a  structured segmentation
Namvar et al. |RFM and Lifetime Value | K-means, Self-

framework, valuable for customer value
estimation in financial applications.

Goonetilleke &

. Created a segmentation ) .

Khajvand & . & RFM  Analysis, | Enhanced  segmentation  with LTV
framework using LTV and |, . . R . L. L.

Tarokh  (2011) | . . . | Time Series | projections, enabling predictive insights on
time-series  to  predict . .

[22] . Prediction future customer behavior.
customer behavior.
Analyzed customer churn in | Decision  Trees,

Enhanced churn prediction in insurance by

Abdallah (2018)
[24]

means and Self-Organizing
Maps (SOM) for insurance
segmentation.

Organizing Maps
(SOM)

i i Neural Networks, . . :
Caldera (2013) msurance . us1.ng eu'ra' cworks applying demographic and transactional
demographic and policy | Logistic .
[23] . data-driven models.
data. Regression
C ti tudy of K-
Qadadeh & | ormpataive Stuey o K-means, Self-| Demonstrated SOM’s advantage over K-

means in speed and clustering quality,
supporting behavior-based segmentation.

Proposed a multi-algorithm

K-prototypes,

al. (2020) [17]

to insurance

product recommendations.

personalize

Random Forest,

Improved K- | Validated a mixed-data clustering approach
Zhuang et al. |approach for  customer . .
. . prototypes, that enhances segmentation accuracy in auto
(2018) [25] segmentation in auto . .
. Agglomerative Insurance.
insurance. .
Clustering
. Provided insights into B2B segmentation b
... | Adapted B2B RFM analysis . g . g . y
Kumar & Philip L. K-means adapting traditional RFM analysis to suit
for organizational customer . L . .
(2022) [26] . Clustering organizational profiles in the insurance
profiling in insurance. .
industry.
. . . | Sentiment )
) Applied sentiment analysis . Enhanced product recommendation through
Parasrampuria et Analysis,

sentiment-based personalization in the

insurance sector.

Naive Bayes
Examined Al’s Literat
. . iterature I .
Elin o al transformative role in the Revie Highlighted AI’s potential to refine customer
. . view, . .
g insurance  value  chain, segmentation and improve customer value
(2021) [15] . . Conceptual
including customer . assessment.
. Analysis
profiling.
Systemati i Al in | Systemati . . e
ystemate feview on 41n s .e matie Provided an overview of AI’s capabilities in
Gupta & Khan | customer engagement, with | Review, )
) o . enhancing customer engagement and
(2024) [20] a focus on sentiment | Bibliometric . . .
. o . sentiment-based marketing strategies.
analysis and insights. Analysis
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3. Methodology

This study employs a data-driven methodology combining artificial intelligence (AI) and advanced data analytics to
enhance customer profiling and lead generation in the insurance industry. The methodology encompasses three main
stages: data preprocessing, feature extraction, and predictive modeling, which collectively facilitate accurate profiling,
segmentation, and lead assessment.

1. Data Collection and Preprocessing: The initial step involves collecting data from multiple sources relevant to customer
interactions within the insurance industry. This data includes demographics, purchase history, transaction records,
engagement metrics, and claim records. Given the variety of data sources, preprocessing is essential to ensure consistency,
accuracy, and completeness.

Data Cleaning: Removing irrelevant or erroneous data points, handling missing values, and standardizing formats.

Normalization: Normalizing features to scale values between 0 and 1, using the formula:
_ X — Xmin
Xnorm =
xmax

Feature Selection: Identifying features critical for predictive tasks, including attributes related to customer demographics,
past behavior, financial capacity, and risk tolerance.

~ Xmin

2. Feature Engineering: This stage involves generating additional insights from the data to support customer profiling
and lead scoring. Key features are extracted and transformed to facilitate segmentation and prediction: Recency,
Frequency, and Monetary (RFM) Analysis: RFM metrics are calculated to gauge customer engagement and value. Each
dimension is calculated as follows: Recency (R): The time since the customer’s last interaction or purchase. Frequency
(F): The number of interactions or purchases over a specified period. Monetary (M): The total monetary value of purchases
over the same period. These values can be combined to form a weighted RFM score RFM Score, which is used in customer
segmentation.

Risk Tolerance and Financial Capacity Assessment: Using transactional and demographic data, a risk score is computed
to represent the client’s risk tolerance level. This score, denoted as Ryis, is calculated by analyzing spending patterns,
income data, and historical claim behavior.

Segmentation and Clustering: K-means clustering is used to segment customers into distinct groups based on RFM scores
and other behavioral data. The K-means objective function is:

k n
J==>=Ix® -c lI2
]' 1
i=1j=1
where x(represents the data points belonging to cluster i, and ¢ is the centroid of cluster i. This segmentation groups
j 1

customers by risk tolerance, financial capacity, and engagement levels.

3. Predictive Modeling for Lead Scoring and Profiling: To predict purchasing behavior and score leads, machine learning
models are employed to analyze the features created in the previous steps: Lead Scoring Model: A supervised learning
model is trained to assign a lead score Lgcore, representing the probability of a customer converting or engaging with specific

insurance products. Logistic regression is one method used here, with the probability p of conversion calculated as:
1

p

where B; represents the coefficients learned during training, and x; are the selected features. This score enables targeted
marketing and customized approaches based on the likelihood of conversion.
Behavior Prediction using Random Forest: A Random Forest model is used to predict purchasing behavior, leveraging
multiple decision trees to improve prediction accuracy. Each decision tree outputs a class prediction, and the forest
aggregates these predictions. The model output is defined as:

1 T

Y= )
t=1

where T is the number of trees in the forest, and h(x) represents the prediction from tree t.
Customer Profiling using Neural Networks: A feed-forward neural network is trained to identify patterns in customer
data, aiding in profiling by recognizing behavioral patterns, financial constraints, and engagement indicators. The
network’s output layer provides the likelihood of each customer segment for customized recommendations.
4. Model Evaluation and Optimization: The models are evaluated based on accuracy, precision, recall, and F1-score. The
lead scoring model’s effectiveness is measured by comparing actual conversion rates with predicted scores, using metrics
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such as Area Under the Receiver Operating Characteristic (ROC-AUC) curve to assess the discriminatory power of the
model. The segmentation effectiveness is validated using silhouette scores to ensure clusters are distinct and meaningful.
5. Deployment of AI-Driven Tools: The final step involves deploying these Al models into the insurance distribution
system to support agents in real-time. This deployment enables agents to access customer profiles, segmentation insights,
and lead scores, empowering them to make data-driven decisions for targeted engagement and enhanced customer
satisfaction. The Al-driven approach thus maximizes the efficiency of lead generation and strengthens client relationships
for sustainable growth in the insurance sector. This methodology demonstrates how Al and data analytics can
systematically enhance customer profiling and lead generation, enabling insurers to respond to market demands with
precise and tailored strategies.

6. Architecture Flow:

| Data Collection Layer |

l

| Data Preprocessing Layer |

I Feature Engineering Layer I

| Predictive Modeling Layer |

Figure 1. Al-Driven  Customer l Profiling and Lead Generation

Data Collection Layer: Purpose: Model Evaluation and Optimization Gather data from multiple sources,
including customer demographics, Layer purchase history, transaction records,
engagement data, and claims. l Components are APIs, CRM systems,

data lakes, and data warehousing | Deployment and Application Layer

| solutions. The Process: Data is
aggregated from insurance databases, l online activity logs, and customer

feedback forms to form a centralized | | repository.

Final Code Output . .
— Prepare raw data for analysis by cleaning,

Data Preprocessing Layer: Purpose:::
normalizing, and transforming it into usable formats.
e  Steps:
o Data Cleaning: Handle missing values and remove duplicate entries.
o Data Normalization: Scale features, e.g., using Min-Max scaling to bring data values between 0 and 1.
o Feature Selection: Select relevant features (e.g., age, income, past purchase frequency) critical for
predictive modeling.
Feature Engineering Layer: Purpose: Extract and generate meaningful features to support segmentation, profiling, and
lead scoring.
e Key Techniques:
o RFM Analysis: Calculate Recency, Frequency, and Monetary values to gauge customer engagement
and predict future behavior.
o Risk Tolerance Assessment: Calculate risk scores based on spending patterns, income, and past claim
behavior to assess a customer’s risk appetite.
o Clustering for Segmentation: Apply K-means clustering to group customers by behavior and profile
(e.g., high-value, moderate-risk, or low-engagement customers).
Predictive Modeling Layer: Purpose: Use machine learning algorithms to profile customers, forecast their behavior, and
score leads.
e  Steps:
o Lead Scoring: Utilize Logistic Regression to assign a probability score to each lead based on
engagement and purchasing likelihood.
o Behavior Prediction: Apply Random Forest to predict the likelihood of specific actions (e.g., purchasing
or renewing insurance).
o Neural Networks for Profiling: Use neural networks to capture complex behavioral patterns and enhance
the accuracy of recommendations.
Model Evaluation and Optimization Layer: Purpose: Validate and refine models for accuracy and reliability.
e  Techniques:
o Evaluate predictive models using ROC-AUC, precision, recall, and F1-score.
o Use Silhouette scores to verify the distinctiveness of customer segments.
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e  Optimization: Fine-tune hyperparameters (e.g., learning rate for neural networks, depth for decision trees) to
maximize model performance.
Deployment and Application Layer: Purpose: Deploy AI models to operational systems where agents can use them in real-
time to make data-driven decisions.
e  Components: Integration with CRM and sales platforms for lead generation, targeted marketing, and customer
engagement.
e  User Interaction: Agents access predictive insights through an interface, enabling personalized interactions with
customers based on profiles and lead scores.
Explanation of Each Step: Data Collection Layer: This layer acts as the foundation, collecting raw data from internal and
external sources to give a complete view of customer information. Effective data gathering ensures that every subsequent
step operates on comprehensive and relevant data.
Data Preprocessing Layer: Essential for data quality, this layer removes noise and inconsistencies from the data. By
scaling and standardizing data, preprocessing allows smoother integration of different data types, setting the stage for
accurate model training.
Feature Engineering Layer: This step involves transforming the processed data into actionable insights by creating new
variables that capture customer behavior, value, and risk tolerance. Through RFM analysis and clustering, this layer helps
categorize customers into meaningful groups, allowing targeted and personalized approaches.
Predictive Modeling Layer: This layer is where the models work to make sense of customer data, using lead scoring,
behavior prediction, and profiling to deliver personalized recommendations. Different models are trained to specialize in
various prediction tasks, ensuring high accuracy in forecasts and engagement strategies.
Model Evaluation and Optimization Layer: This layer assesses model performance and fine-tunes parameters, ensuring
the reliability of predictions. Performance metrics and evaluation scores guide iterative improvements, confirming the
models' relevance and effectiveness before deployment.
Deployment and Application Layer: The final layer integrates these insights into the agents' workflows, providing
actionable information for real-time customer engagement. By equipping agents with predictive insights, this layer
enhances decision-making capabilities, ultimately improving client relationships and maximizing revenue.
4. Results and Discussion
Figure 2 and Table 2 presents the outcomes of the K-means clustering algorithm, which grouped customers based on
Recency, Frequency, and Monetary (RFM) values. The five distinct clusters reflect varying levels of customer engagement
and value: High-Value, High-Engagement Segment: Customers in Cluster 1 have moderately recent interactions (average
30 days), frequent transactions (5 on average), and a high monetary value ($1,000). This segment is highly valuable for
the company, as these customers show consistent engagement and higher spending patterns.

Flgure 2: Results Customer Segmentation Results Based on RFM and K-Means Clustering Based on RFM and K-
Means Clustering —e— Recency (Average Days)
—e— Frequency (Average Transactions)
1400 —e— Monetary (Average Value in $)
Table 2: Customer 1200 Segmentation Results
Based on RFM and K-Means Clustering
1000
£ 800
=
z
& 600
400
200
0 r_,’_.—f/‘\ /
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Cluster ID
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1 30 5 1000 High-Value, High-Engagement

2 60 3 500 Moderate-Value, Medium Engagement
3 120 1 200 Low-Value, Low-Engagement

4 10 7 1500 Premium, Highly Engaged

5 90 2 300 Occasional, Low-Spend

This table 2 showcases the output of the K-means clustering algorithm based on RFM analysis. Each cluster represents a
distinct customer segment, allowing targeted marketing approaches to each group. Moderate-Value, Medium Engagement
Segment: Cluster 2 includes customers who interact less frequently than Cluster 1 (average frequency of 3) and have lower
transaction values. With an average recency of 60 days, this segment represents moderate potential for targeted
engagement strategies. Low-Value, Low-Engagement Segment: Cluster 3 is characterized by customers who interact
infrequently, with a long average recency (120 days) and a low monetary value ($200). This segment is less engaged and
contributes minimally in terms of value, suggesting limited potential for proactive engagement. Premium, Highly Engaged
Segment: Cluster 4 represents the most engaged and high-spending customers, with frequent interactions (average
frequency of 7) and the highest monetary value (§1,500). This segment is ideal for premium services and loyalty programs.
Occasional, Low-Spend Segment: Cluster 5 contains customers with sporadic interactions (average recency of 90 days)
and low spending ($300). These customers may require different engagement strategies to encourage more consistent
interaction. This segmentation provides actionable insights, allowing insurers to design tailored engagement strategies for
each segment. The high-value and premium segments, for instance, could be prioritized for personalized offerings, while
the occasional and low-value segments might benefit from strategies aimed at increasing engagement frequency.

Lead Scoring Model Performance Metrics

0.90F
0.85
0.80
©
075
Figure 3: Lead Scoring  Model
Performance 0.70 Metrics
Figure 3 compares the lead
SCOrlng 0i03 —e— Logistic Regression performance
o e —e— Random Forest :
across  Logistic ekt Regression,
Random Forest, Precision Recall F1-Score ROC-AUC Score Average I:ead score and Neural
Metric
Network models. Each model's

metrics—Precision, Recall, F1-Score, and ROC-AUC—highlight varying strengths: Random Forest: This model shows
the highest overall performance with an F1-Score of 0.86 and a ROC-AUC score of 0.89. These metrics indicate strong
accuracy in identifying high-quality leads, making Random Forest highly suitable for lead scoring. The model’s higher
precision (0.88) reflects its ability to accurately predict lead conversions without excessive false positives. Neural
Network: This model performed well, achieving an F1-Score of 0.83 and a ROC-AUC of 0.87. Although slightly less
precise than Random Forest, the Neural Network’s performance remains robust, suggesting it could also be useful for lead
scoring tasks, particularly for complex behavioral patterns. Logistic Regression: The Logistic Regression model achieved
moderate results, with a ROC-AUC of 0.75 and F1-Score of 0.80. While Logistic Regression is more interpretable, its
lower accuracy compared to the other models indicates it may be less suitable for nuanced lead prediction. Overall,
Random Forest outperforms the other models, demonstrating the highest predictive accuracy and reliability for lead
scoring in this context. This finding suggests that Random Forest could be the preferred model for real-time lead
assessment in insurance distribution, as its high precision and recall balance minimize both false positives and false
negatives in lead identification.
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Figure 4 provides an overview of the Random Forest model’s performance in predicting key customer behaviors, including
policy renewal, new policy purchase, cross-selling likelihood, claim probability, and high-risk profile alerts: Policy
Renewal and New Policy Purchase: The model demonstrated strong accuracy in predicting policy renewals (91.2%) and
new policy purchases (85.4%), with high F1-scores of 0.90 and 0.85, respectively. This suggests that the model is effective
at identifying customers likely to renew or purchase policies, allowing agents to proactively reach out and improve
retention rates. Cross-Selling: Cross-selling predictions achieved an accuracy of 78.6% with a slightly lower F1-score of
0.78. This result suggests moderate performance, indicating that cross-selling may require additional input features or
model adjustments to improve prediction accuracy. Claim Likelihood and High-Risk Alerts: The model’s performance in
predicting claim likelihood (83.3%) and high-risk profiles (87.5%) indicates its effectiveness in risk assessment. High
precision and recall in these categories enable insurers to identify potential claims and high-risk customers, supporting
targeted interventions to mitigate claim frequency and risk exposure.

Behavioral Prediction Model Results Using Random Forest

80 | ’\‘\////4
60
o
o
O
w
40f
20}
—e— Prediction Accuracy (%)
—e— Precision
—e— Recall
0oF —e— F1-Score
Policy Renewal New Policy Purchase Cross-Selling Claim Likelihood High-Risk Profile Alert

Behavior Category

Figure 4: Behavioral Prediction Model Results Using Random Forest

The results of this study demonstrate the efficacy of combining Al and data analytics for customer profiling and lead
generation in insurance. The segmentation model enables detailed customer groups, enhancing personalized engagement
strategies and marketing. Furthermore, the lead scoring model, particularly the Random Forest, offers a reliable method
for identifying high-potential leads, empowering agents to optimize conversion efforts. The behavioral prediction model’s
success in forecasting policy renewals and purchase behaviors reinforces the value of predictive analytics in insurance.
By accurately predicting high-risk profiles and claim likelihood, the model also aids insurers in implementing proactive
risk management strategies. These findings underscore the potential of Al-driven analytics to transform customer profiling
and engagement in the insurance industry, promoting efficient lead generation, risk management, and customer
satisfaction. Future work could explore hybrid models that combine the strengths of Random Forest and Neural Network
models for even more robust predictions.

5. Conclusion:

This study has demonstrated the effectiveness of leveraging Al and data analytics to enhance customer profiling and lead
generation within the insurance industry. By utilizing advanced techniques such as K-means clustering, Random Forest,
and neural networks, the methodology provided actionable insights into customer segmentation, lead scoring, and
behavioral prediction, supporting the insurance distribution chain in making data-driven decisions. The customer
segmentation results identified five distinct customer segments with varying levels of engagement and value. For instance,
the high-value, high-engagement segment (Cluster 1) had an average recency of 30 days, frequency of 5 transactions, and
monetary value of $1,000, while the premium, highly engaged segment (Cluster 4) had the highest monetary value of
$1,500. These insights enable insurers to tailor marketing strategies and engagement efforts according to each segment’s
unique characteristics, maximizing the potential for customer retention and satisfaction. In terms of lead scoring, the
Random Forest model achieved the highest performance among the tested models, with an F1-score of 0.86 and a ROC-
AUC of 0.89. These values indicate its strong predictive capability in identifying high-quality leads, minimizing false
positives, and accurately pinpointing prospective customers with high conversion potential. This level of precision is
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essential for optimizing resource allocation and focusing on customers who are most likely to engage with specific
insurance products.
The behavioral prediction model also produced valuable results, especially in forecasting policy renewals (91.2%
accuracy) and new policy purchases (85.4% accuracy), supported by high F1-scores of 0.90 and 0.85, respectively. These
predictions enable insurers to take proactive steps, such as personalized communication and timely outreach, which are
crucial for improving customer loyalty. Furthermore, the model effectively identified customers with high claim likelihood
(83.3% accuracy) and high-risk profiles (87.5% accuracy), facilitating preemptive risk management and targeted
interventions to reduce claim frequency and financial exposure. Overall, the findings from this study highlight the
transformative potential of Al-driven analytics in the insurance sector, enabling more precise customer profiling, improved
lead generation, and enhanced decision-making capabilities for agents. By integrating these Al-powered tools, insurers
can foster stronger client relationships, optimize conversion efforts, and drive sustainable revenue growth. Future work
could explore hybrid modeling approaches to further refine predictive accuracy and examine real-time application
frameworks for seamless integration into insurance distribution workflows.
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